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ABSTRACT
This dissertation aims to propose new frameworks and marketing research methods to
get a better understanding of consumer preferences. It is composed of four chapters, starting
from a brief introduction in Chapter 1. Chapter 2 is an essay which proposes a new holistic
framework of preference, PIE, which incorporates social influence in the formation of
consumer preferences, as well as a measurement method to demonstrate the framework. I
propose and test an incentive-aligned approach, a group-sourced mechanism, which mimics a
real life consultation of a consumer with her friends in purchase decision making. The results
provide support for the PIE framework, including superior predictive power.
Chapters 3 and 4 explore the possibility of using human speech data to better
understand consumers. Audio data are ubiquitous and contain rich information, and with the
recent advancement of technology, marketers are able to collect, store, and analyze them.
Because using the human voice to understand consumers is a relatively new attempt being
done in the marketing field, in Chapter 3 I aim to identify opportunities for marketers by
reviewing what has and is being done in other areas.
In Chapter 4, I demonstrate an application of speech analysis in marketing. Marketing
survey methods such as customer satisfaction surveys usually only consider the semantic
aspect of responses, without accounting for uncertainty in such responses. I propose the use
of human voice as an alternative data collection format that allows uncertainty to be inferred
based on pitch, intensity, and temporal features extracted from a respondent’s voice. I show
that a modified construct using the inferred uncertainty to reweight different survey items
predict people’s behavior better than using the unmodified construct.
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Chapter 1
Introduction
As purchasers of the products and services that firms develop, produce, sell, and promote,
customers are the focal point of all marketing activities. Organizations must define their products
and services not as what “category” they are in, but as how they can satisfy customer needs. This
starts from understanding customers’ preferences. From the firms’ perspective, the customer
market can be divided into two categories: consumer market and business market. A consumer
“consists of purchasers and household members who intend to consume or benefit from the
purchased products and do not buy products for the primary purpose of making a profit.” (Pride
and Ferrell 2012) For the purpose of this dissertation, I focus on the consumers and exclude
business markets from the focus of the discussion. There are various methods to understand
consumers, from research methods used in all areas of social sciences such as surveys, interviews,
and focus groups, to methods often used in the quantitative marketing literature such as conjoint
analysis. This dissertation aims to propose new frameworks and marketing research methods to
get a better understanding of consumer preferences.
Chapter 2 incorporates social influence in the measurement of consumer preferences.
Extant preference measurement research, including conjoint analysis, is done in the isolation of
one’s own mind. That is, it remains completely silent on the explicit influence of others in the
formation of consumer preferences. I propose a new holistic framework of preference, PIE, as
well as a measurement method to remedy this problem. The new paradigm posits that consumers
evaluate product attributes using (potentially) three types of attributes which are distinguished
based on three different factors: (1) what determines the attributes’ value?, (2) how uncertain the
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attribute values are?, and (3) how the uncertainty can be resolved? To provide an empirically
feasible method to collect such information consistent with this framework, I propose and test an
incentive-aligned approach, a group-sourced mechanism, which mimics a real life consultation of
a consumer with her friends in purchase decision making. The results provide support for the PIE
framework, including superior predictive power.
Chapters 3 and 4 explore the possibility of using audio data, specifically human speech
data to better understand consumers. Audio data are ubiquitous and contain rich information, and
with the recent advancement of technology, marketers are able to collect, store, and analyze them.
While speech analysis has mostly been the area of computer scientists, in Chapter 3 I aim to
identify opportunities for marketers, by reviewing what has and is being done in other areas.
Chapter 4 leads naturally from Chapter 3, where I demonstrate an application of speech
analysis in marketing. Marketing survey methods such as customer satisfaction surveys usually
only consider the semantic aspect of responses, without accounting for uncertainty in such
responses. To address this limitation, I propose the use of human voice as an alternative data
collection format that allows uncertainty to be inferred based on pitch, intensity, and temporal
features extracted from a respondent’s voice. Built upon research in computer science, I designed
and tested a method that uses a set of voice-based training questions to elicit different
(un)certainty levels from subjects and use this information and the corresponding extracted voice
features to train a machine learning algorithm (classifier). The classifier, which requires to be
trained once using the voice data of a panel of respondents, is then applied to infer uncertainty in
responses to a variety of survey contexts. The empirical application is a customer survey for local
restaurants in which satisfaction is measured from multiple items. For each item I treat the point
estimate (i.e., the subject response) as the mean and the uncertainty as the variance to reweight
the satisfaction construct using inverse variance weighting. The model incorporating the
reweighted construct is shown to predict repeat purchase choices better than the benchmark
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model with the unmodified construct, thus providing evidence that incorporating uncertainty
inferred from voice can indeed improve the accuracy of marketing insights from survey
responses. I also demonstrate that the voice-based method is practical for marketers to implement.
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Chapter 2
PIE: A Holistic Preference Concept and Measurement Method
The marketing literature has widely acknowledged that consumers are susceptible to
interpersonal influence. When purchasing a socially symbolic product such as a men’s suit,
people tend to seek opinions from spouses or peers because of the difficulty of obtaining
“objective” evaluations (Midgley 1983). One example of interpersonal influence in purchase
decisions is the behavior of going shopping with family and friends. By obtaining opinions from
other people, consumers are able to reduce the inherent risk and uncertainty, and increase
confidence in their decision making (Mangleburg et al. 2004). Sometimes, individuals even seek
information from strangers if needed, by asking questions to other shoppers and sales people who
may provide them advice on purchase decisions, such as how a piece of garment looks on them
(McGrath and Otnes 1995). Given this prevalent behavior of referring to others for opinions,
preference measurement methods may lead to better insights if they take into consideration that a
consumer’s preference/decision could be influenced by other people. This research aims to
introduce a holistic framework, PIE, which incorporates this aforementioned aspect of others’
influences in individual preferences, and provide a measurement method which can be
implemented by marketers.
To aid the readers’ understanding, let’s consider the following hypothetical vignette to
illustrate my points. Sally (our focal consumer) goes on a shopping trip to buy herself a bicycle to
ride on campus. She wants to buy a bike that has a black frame, comfortable when she rides it,
and looks appropriate for a female college student. She finds a black-framed bike that she likes,
so she tries it, and finds it comfortable. However, she’s not sure how appropriate it looks for a
female college student to have, so she consults her friend who tagged along for the shopping trip.
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In this case, Sally evaluates the product under three different aspects: (1) the frame color,
(2) how comfortable it is when riding, and (3) how appropriate it looks for a female college
student. I distinguish between the three different aspects depending on (1) what determines the
attributes’ value?, (2) how uncertain those attribute values are?, and (3) how the uncertainty can
be resolved?. The color is often defined objectively, and has minimal uncertainty (if it’s black, it
is black regardless of who you are). The uncertainty, if it exists at all, can be resolved by
understanding/examining the product better. The comfort while riding the bicycle is likely to be
individual-specific, and has more uncertainty than the color. In other words, comfort depends on
the physical characteristics of Sally as well as how the specific bike is built. Uncertainty in
comfort can be resolved by Sally riding the bike, in addition to understanding the bike better. It
will allow her to understand how the particular bike will “fit with oneself”. There are also aspects
like how appropriate the bike looks for a female college student, which are individual-specific
and have even more uncertainty than the color and comfort. Here, resolving uncertainty may
require understanding of the relevant external group’s view, in addition to understanding the bike
better and trying to ride on it. One way to reduce this uncertainty (at the time of measurement and
choice) is to explicitly incorporate the opinions of the relevant external group. Here Sally relies
on her friend and her comment plays an important role in her decision. This is reflected in
common practice of going shopping together with family and/or friends to get their opinions, and
hence this method.
Conjoint analysis, in which consumers evaluate a set of different product alternatives
that are specified as combinations of levels (values) of “objective” attributes (represented as the
black frame color in our bike example), has been the main work-horse tool for measuring
individual preferences in marketing (Green and Srinivasan 1990). Since its introduction to the
literature (Green and Rao 1971), many improvements have been made regarding the design of
preference measurement and its corresponding data collection (e.g., Ding 2007, Ding, Grewal,
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and Liechty 2005, Ding, Park, and Bradlow 2009, Park, Ding, and Rao 2008, Toubia et al. 2003),
and on estimation methods (e.g., Lenk et al. 1996, Liechty, Fong, and DeSarbo 2005, Rossi and
Allenby 2003).1 However, several researchers have argued that objective attributes cannot fully
explain consumer preferences (e.g., Srinivasan, Lovejoy, and Beach 2007, Tybout and Hauser
1981). Instead, consumers may evaluate products in terms of “meta-attributes,” such as needs,
goals, and motivations, which are driven from combinations of objective attributes (Netzer et al.
2008).
Luo, Kannan, and Ratchford (2008) recognize the aforementioned drawback of conjoint
analysis (objective attributes only) and introduce the construct of subjective criteria for evaluating
products within the conjoint framework. In their framework, consumer preference is jointly
affected by objective attributes (e.g., the frame color of bicycle) and latent subjective
characteristics (e.g., the comfort of the bicycle), and subjective characteristics are determined by
the product’s objective attributes and idiosyncratic evaluations made by the consumers
themselves. However, theirs and extant preference measurement research remain completely
silent on the explicit influence of others (the friend’s feedback on how appropriate the bicycle
looks for Sally to ride) in the formation of consumer preferences. I therefore take one more step
conceptually from Luo, Kannan, and Ratchford (2008)’s framework and consider individual
preference measurement more generally, by proposing a new framework which incorporates the
influence of others.
This framework does not imply that a consumer constantly needs to seek opinions from
others. In the earlier example, Sally has her own assessment of how appropriate the particular
bike looks for her to ride on campus. However, there are at least two scenarios which motivate
consumers to obtain others’ opinions. First, the consumer may gradually learn what kind of
product options fit her individual characteristics. For example, a consumer may learn from other
1

For more details, see Hauser and Rao (2004).
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people’s feedback (e.g., compliments) that her physical features are highlighted when riding a
certain type of bicycle. This is consistent with the results of previous research that people who
lack experience to evaluate products or think that they lack experience are more likely to seek
interpersonal information from family or peers (e.g., Midgley 1983, Solomon 1987). Second,
even if individuals do not need to learn, they still rely on others in specific situations because
their assessment for a certain aspect of the product may or may not be accurate (e.g., “I thought I
looked young in a particular sweater, but my wife told me it makes me look 10 years older”). This
could be due to at least two reasons: (1) an individual’s self-evaluation may be biased or have
much error around it regardless of experience, especially because products get updated constantly
with new features or new combination of features (Godes et al. 2005), and (2) an aspect actually
reflects what others will think (e.g., the sunglasses look trendy on the person) and what others
value (what is trendy) may evolve over time.
Then the question is, if consumer preferences indeed are susceptible to interpersonal
influence, how can marketers capture this aspect? To this end, it is important to provide a data
collection method that is feasible to incorporate others’ feedback in a marketing research setting.
Existing methods like conjoint analysis cannot handle this, and Luo, Kannan, and Ratchford
(2008)’s method only measures the subjective characteristics after the subject makes a product
choice within the conjoint framework. Similarly, in practice, marketers have been using
traditional conjoint analysis in limited categories where the focus was on the physical attributes of
a product. Thus, to meet this challenge, I design and test a new incentive-aligned data collection
method, which I name “group-sourced preference measurement,” that allows a subject to obtain
individualized shopping advice through other people. This method will provide practitioners with
an implementable tool that could explicitly capture other people’s opinions at the time of data
collection.
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To validate that the method has value, I make comparisons of predictive performance
(out-of-sample in a different temporally spaced decision) across various product categories
between the group-sourced method and other benchmark models which exclude external
opinions. The results strongly indicate superior predictive power, one of the main primary goals
of preference measurement, when incorporating other people’s feedback, i.e. bringing in “The
Voice of the External Consumer” 2; thus providing strong support of the approach as a new and
improved measurement tool for marketing researchers.
While PIE is a more general preference framework, the objective (and/or) subjective
attribute-based preference framework (which is nested in the PIE framework) is likely sufficient
for some/many categories. However, many categories for which consumers are susceptible to
interpersonal influence will be best served if the managers adopt the PIE perspective in designing
and marketing their products. Specifically, the degree to which products are socially symbolic or
experiential should be positively correlated with the degree of social influence (Bearden and Etzel
1982, Childers and Rao 1992). Such categories include, but are not limited to, categories ranging
from frequently-purchased products such as apparel, accessories, and cosmetics, to consumer
durable products such as cars, furniture, or houses.
The rest of the chapter is organized as follows. I first describe the conceptual framework
in a formal setting. Then I describe the group-sourced preference measurement mechanism
designed to observe choice after obtaining external feedback for a given product. This new data
collection method is then tested in two realistic experiments, followed by the data analysis and
results. I summarize the general insights and future directions for research in the last section.

I intentionally borrow the title language from Griffin and Hauser (1993), “The Voice of the Customer”, to
reflect that this preference measurement approach utilizes the voice of those who are likely to also
“consume” the given product or service.
2

9
The PIE Conceptual Framework
Let’s return to the earlier vignette of Sally purchasing a bicycle with her friend, where
she considered the frame color, the comfort, and how appropriate the bicycle looks for a female
college student to ride on campus. In this section, I formally generalize these three different
aspects into P, I, and E attributes for product evaluations. First, P attributes are described
objectively. P attributes have little to no uncertainty because they are often defined by the
manufacturer/seller. For example, the color of a bike is provided by a manufacturer and is certain
for everyone who sees it. For P attributes, uncertainty, if it exists at all, can be resolved by
understanding the product/service better.
Next are I attributes. I attributes (for internal attributes) are individual-specific. They are
determined by one or more P attributes and the idiosyncrasies of the individual. Therefore, I
attributes have more uncertainty than P attributes. For example, the comfort of an armchair may
depend on not only the softness of the cushion or the height of the back of the armchair (product’s
physical attributes), but also on the height or arm length of the person (an individual’s
characteristics). The comfort cannot be obtained by simply reading a description of the
product/service attributes. For I attributes, uncertainty can be resolved in two different ways:
understand how a certain product/service will fit with oneself, in addition to the way to resolve
the uncertainty in P attributes (i.e., understand the product/service better). The uncertainty in I
attributes can be mostly resolved by oneself. For example, the person can judge how comfortable
a specific armchair is for himself/herself by trying it.
The last one is E attributes. Similar to I attributes, E attributes (for external attributes) are
individual-specific. They are determined by one or more P attributes, the idiosyncrasies of the
individual, and also by how an external reference group will perceive the person with the
particular combination of P attributes and her idiosyncrasies. Therefore, E attributes have the
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most uncertainty because they are individual-specific and require understanding of the relevant
external group’s view. For example, whether a specific bicycle makes one look like a serious bike
rider will depend on how the external target group defines “serious bike rider”, as well as
physical attributes of the product and the individual’s characteristics. For E attributes, uncertainty
can be resolved in three different ways: the two ways to resolve uncertainty in I attributes, and
understand how a relevant external group will perceive one with this particular product/service.
To understand the last factor, the focal person may speculate on what the external group will
think (make an internal evaluation) from past experiences, but also get opinions from others
directly (obtain external evaluation). It is the consideration of the entire space consisting of these
three types of attributes that people consider when making a choice that defines the PIE
framework.

Table 2-1 The Holistic PIE Framework
Attributes
P
I
E
What determines attributes’ value?
Product/service
Self
External reference group
How uncertain the attribute values are?
No to low
Medium
High
How uncertainty can be resolved?
Understand the product/service better
Understand how the product/service will fit with oneself
Understand how external group will perceive oneself with a product/service
Make an inference based on past experience
Obtain direct feedback from the external group

√

√
√

√
√
√

√
√
√
√

√
√

√
√
√
√

The motivation to why others’ opinions matter is driven from the fact that humans are
social animals. Positive self-presentation which creates social identity or reputation is an essential
part of human life (Slama and Wolfe 1999). In social identity theory (Tajfel and Turner 1986) and
social categorization theory (Turner 1985) an individual’s identity consists of both personal
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identity (an individual sense of self) and social identity (groups which one belongs to or is
affiliated to). If a person identifies himself as part of a group, they will be motivated to consult
the relevant reference group for feedback on E attributes.
There are two types of “relevant external groups” that one considers. One is the group in
which one desires membership. For example, a PhD student on the job market would want to
present himself/herself as a good candidate. Whether one looks like a good candidate in the job
market may be evaluated by a group of good candidates in the job market but also a group that
can evaluate whether someone has attributes to belong in the first group. An example of this is the
faculty members who are on the hiring committee. This second group may/may not be equivalent
to the first group (may be in-group and/or out-group) depending on the situation, but will be the
one that the focal person cares about how he/she is perceived as.
Considering the relevant external groups, there are two types of E attributes: “must-have”
and “enhancement” attributes. First, “must-have” attributes are the norms of the group. An
individual will seek to have (or not have, if negative) these attributes to avoid negative feedback.
For example, a male college student may want to dress in order to avoid the perception of
nerdiness from attractive female college students. In Fishbein’s extended model, which
incorporates social influences into his well-known original model, the individual’s intention of a
behavior is a function of (1) his attitude toward performing the behavior in the situation, (2) his
perception of the norms governing the behavior in the situation, and (3) his motivation to comply
with those norms (Fishbein 1972). Bearden and Etzel(1982)’s utilitarian influences reflect
attempts to comply with the wishes of others to achieve rewards or avoid punishments. If the
outcome of the behavior (i.e., punishments or rewards) seems significant to an individual, the
person will try to meet the expectations of these reference groups. These are consistent with the
must-have attributes in this framework.
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Second, “enhancement” attributes are the ones that enhance one’s value in a group. These
attributes may not be a necessary attribute for group membership, but will strengthen the
individual’s mental or physical profile in the group. An example of this is a college student
wanting to look fashionable while riding a bike. In Bearden and Etzel(1982)’s framework, valueexpressive influence is the need for psychological association with a person or group. The
association can be an attempt to resemble or be like the reference group, and a motivation for a
person to get feedback on E attributes.

The PIE Mathematical Model
Now, I formally present the definitions of P, I, and E attributes in a mathematical way. In
particular, I propose a generalized utility framework for componential products in which
consumer choice is based on the P, I, and E evaluations of the product, and the weight that a
consumer puts on each of those aspects.3 Consumer i’s utility for product j and evaluation source
e is given as:
,
where

,

, and

are vectors of P, I, and E attribute values, and

(1)
,

, and

are

vectors of individual-specific importance weights put on P, I, and E attributes, respectively. I
define I(∙) as an indicator function defined on vectors

and

.

and

are vectors of

indicator variables reflecting whether a given data source is available; 1 if the arguments in the
respective vectors exist, 0 if otherwise. Lastly,

3

is an error term.

While I utilize a linear compensatory model here, the PIE framework can be utilized in other models such
as lexicographic, EBA, etc.
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Traditional conjoint analysis is represented as P attributes only under this framework,
where

=(0, …, 0) and

=(0, …, 0) in equation (1). Luo, Kannan, and Ratchford’s

(2008) aforementioned study, which considers subjective characteristics, is represented as P and I
attributes under this framework, where

=(1, …, 1) and

=(0, …, 0). The similarities

and differences between ours and extant literature are presented in Table 2, further highlighting
the contribution of this research.

1

Table 2-2 Comparison of Group-Sourced Mechanism and Other Approaches
Standard Conjoint

Luo, Kannan, and
Ratchford (2008)
Physical (objective) and
subjective attributes

Group-Sourced Mechanism

Physical (objective)
attributes

How attributes are determined?

Physical attributes are
defined by the
product/service itself

Subjective attributes can be
evaluated by oneself

Data collection method

Choice-based conjoint,
rating-based conjoint

Choice

Rating-based conjoint and
evaluations of subjective
attributes after conjoint
study
Purchase likelihood (rating)

No

Yes

Yes

No
No

No
No

Yes
Yes

No

No

Yes

Type of data obtained

Determinants of preference

Preference data
Evaluation of I attributes by
self
Evaluation of E attributes
By self
By others
Each consultant’s choice of
best profile that fits the focal
subject

Physical (objective)
attributes, individualspecific characteristics, and
external group’s opinions
Some attributes cannot be
evaluated by oneself and
need to be obtained from
others
Group-sourced mechanism

Choice

1
To complete PIE, the conceptual framework, the following two issues need to be
addressed, how to: (1) identify the full attribute space including I and E attributes, and (2) obtain
the values of

and

I and E (i.e.,

and ) by observing what decision she makes for a given set of products with

known

and

. With this information, one can infer the weights that a consumer puts on

. Challenge (1) can be addressed with conventional qualitative research

approaches or with a generalized framework (I discuss this in the next section), but challenge (2)
is much more involved. In order to understand a consumer’s preference on the different aspects of
the product, enough decisions need to be observed on products with different values of I and E
attributes. However, these values are individual-specific and E attributes are likely to be best
obtained externally from third parties as well as the focal consumer. I propose a method,
described in the next section, that enables us to obtain stated
infer

and

and

from the participants, and

from estimation.

A Group-Sourced Mechanism for Measuring Individual Preferences
The group-sourced mechanism attempts to allow a participant to obtain individualized
shopping advice through the opinions of a group of peers.4 An analogy for this would be advice
that a close friend provides during a shopping trip. The consumer tries on different outfits in the
dressing room, and comes out to show it to her friends for their evaluations (e.g., “This outfit
makes you look slim”). The group-sourced mechanism will allow practitioners to obtain

and

in real-time, which has not been done in extant conjoint measurement methods.

The peers don’t need to be close friends or even known to each other, as long as they are perceived to be
valuable opinion providers by a participant; albeit they can even be differentially so.
4

2
The proposed mechanism consists of three stages, which are presented in Table 3. The
first stage is to obtain the entire attribute space containing the P, I, and E attributes. Since I
assume that P attributes are not individual-specific for a given profile, one can get all the
dimensions of the P space for a given profile prior to the main study as with other extant conjoint
methods. Regarding I and E attributes, the researcher can conduct a qualitative study, such as
focus groups or a series of interviews. In this research, I also propose a generalized set of E
attributes that a researcher can use in implementation, which is consistent with our conceptual
framework and can be applied to a wide range of product/service categories. The generalized E
attributes are: (1) looks like a product/service someone like I should have/use (a must-have
attribute), (2) enhances my personality/value system (enhancement attribute on one’s internal
characteristics), and (3) enhances my physical features or the setting that I use the product/service
in (enhancement attribute on one’s external/physical characteristics).
The second stage is to obtain the individual-specific I attribute values. For this purpose,
each of the subjects is asked to state the values (on some rating scale) of all I attributes for all the
profiles used in the study. The I attribute dimensions will have been already defined in the first
stage, and hence in this stage the values of

for the I space are obtained.

The third stage is the main body of the group-sourced mechanism -- to get the
individual-specific E values. The basic idea is simple. I design a mechanism where a group of
peers are motivated to serve the role of a personal shopping consultant (or trusted and truthtelling friends) and provide information for an individual focal participant, commenting on how
he/she looks while trying on different profiles. Each participant then makes a product choice
given his/her own evaluation on P, I, and E, and the E evaluations provided by the consultant
group. In this mechanism, a participant serves dual roles, (1) a respondent him/herself (consumer
role) and (2) a consultant whose job is to provide opinions for E attributes to the focal subject for
every profile. S/he is paid according to how she performs his/her role, hence the incentive-aligned
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nature of our approach. Here, performance depends on the degree that the focal subject agrees
with this individual’s opinions. I discuss this in detail later on.

Table 2-3 Data Collection Steps in Group-Sourced Mechanism
Purpose
Stage 1 Obtain dimensions
of I and E
attributes
Stage 2 Obtain values of I
Stage 3 Obtain values of E

Stage 4 Obtain preference

Characteristic of
data
Same for
everyone

Individualspecific
Individualspecific
Individualspecific

Data provider
Study sponsor

Focal participant
Focal participant
and/or consulting
participants
Focal participants

Method
Qualitative /
generalized
set of E
attributes
Self-stated
Groupsourced
Choice-based

In order to allow other participants to see how a person looks after trying on the product,
the mechanism needs to be implemented with realism. Two possible implementations are to (1)
conduct a field study where respondent and consultants go shopping together or (2) use
specialized computer software where a person’s image can overlay with products which have
different attribute combinations (e.g., FRAMEFINDER 2009). If using a computer-based
framework, other personal information of the participants also need to be disclosed (e.g.,
expertise, general style, etc. which can be self-stated) which can influence the weight put on those
individual’s recommendations (e.g., Pornpitakpan 2004). With the development of virtual
wardrobe software (see Virtual Wardrobe 2009), marketers will be able to conduct the study in a
fairly realistic way, without incurring substantial cost.
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An Empirical Test
I conducted two empirical studies with three different product categories which serve
different objectives. The goal of the first study was: (1) to validate the conceptual PIE framework
that the additional knowledge of the E attributes will help us better understand consumer
preferences and choices, and (2) to test that the proposed group-sourced mechanism can indeed
collect useful information about E attributes. The second study aimed to: (1) test the
generalizability of the PIE framework for categories other than socially symbolic hedonic
products/service and (2) show that one can implement the group-sourced mechanism in an
improved/altered way depending on the context.
The varying objectives of the two studies required the group-sourced mechanism to be
implemented in different ways. First, the product categories used in the two studies are different.
Study 1 used one category, sunglasses, and Study 2 used two product categories, bicycles and
(drip) coffee makers. Second, for Study 1 I conducted a series of interviews to determine the E
attribute space to be used for implementation, whereas I applied the generalized set of E attributes
for Study 2 (e.g., looks like a product/service someone like I should have/use, enhances my
personality/value system, and enhances my physical features or the setting that I use the
product/service in). Third, I dropped I attributes in Study 2 on purpose. Consistent with the
objectives for the two studies, I demonstrate the relevance of the holistic PIE framework in Study
1, whereas the focus of Study 2 is to understand the relevance of E attributes in other non-fashion
product/service categories. Fourth, I varied the procedure of the group-sourced mechanism in the
two studies. For Study 2, I relaxed some requirements which were applied in Study 1. Fifth,
Study 1 was conducted using female college students as subjects, whereas Study 2 was conducted
using male college students. I discuss the specifics in the following subsections.
Empirical Contexts
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For the two empirical studies, I considered two criteria. First, the study has to be
implementable using the product categories, given the limited resources academic studies have.
Second, for generalization of the PIE framework and the group-sourced mechanism, I adopted a
variety of categories for which I expect that the benefit of obtaining E attributes from others will
vary when people make product choices. Following the two criteria and the objectives outlined in
the last subsection, I chose sunglasses for Study 1, and bicycles and coffee makers for Study 2.
Sunglasses are a socially symbolic and hedonic product where people are seen in public while
using. Thus, people typically have concerns about how other people perceive them when they are
worn. Bicycles are both hedonic and utilitarian which may or may not be consumed in the
presence of others. On the other hand, (drip) coffee makers are utilitarian products which are
consumed in the house, normally out of the public view. Therefore, I can test the relevance of the
PIE framework and assess the importance of E attributes across a wide range of product
categories (in some sense I have chosen “one of each” – very externally focused (sunglasses), a
mix (bicycles) and non-focused (coffee makers)).

General Procedure
The empirical studies were conducted as between-subjects experiments. In Study 1,
subjects were randomly assigned to either the condition corresponding to the group-sourced
mechanism or the control condition corresponding to the benchmark model (see next subsection).
In Study 2, subjects were randomly assigned to either one condition where they were exposed to
the group-sourced condition for the bicycle category first and then went on to the control
condition for the coffee maker category, or the other condition where they went through the
control condition for the bicycle category and then the group-sourced condition for the coffee
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maker category. The study was implemented on the web using PHP language and MySQL on a
server, which enables the study to be conducted on any computer with an Internet connection.
In the first stage, I obtain the entire space of P, I, and E attributes. For all three product
categories, the P attributes were identified as common attributes to consider based on purchasing
guides.5 In Study 1 (sunglasses), I and E attributes were identified from personal interviews of 11
subjects, who were all undergraduate and graduate students at a major U.S. university. On the
other hand, in Study 2 (bicycles and coffee makers) I used the generalized set of E attributes that I
proposed earlier (noting again that I attributes were dropped in the second study). The attribute
spaces for the three product categories are shown in Table 4.

Table 2-4 P, I, and E Attributes for Empirical Study
Sunglasses
Frame color
Frame shape (style)
Frame material
Lens color

P

1
2
3
4
5
6
7

I

1 Comfort/fit
2 Durability

E 1 E1: Complements face
shape
2 E2: Fits skin color

3 E3: Looks trendy
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Bicycles
Frame design
Frame material
Frame color
Handlebars
Saddle
Wheels
Price

Coffee Makers
Capacity
Filter
Interior material
Machine design
Machine color
Price

N/A
N/A

N/A
N/A

E1: Looks inappropriate
for someone like I should
ride
E2: Enhances my
character (e.g.,
personality/value system)
E3: Enhances my
physical features

E1: Looks inappropriate
for someone like I should
use
E2: Enhances my character
(e.g., personality/value
system)
E3: Enhances the
surrounding that I will use
the product in

I referred to http://www.sunglassesbuyersguide.com/ for the sunglasses category,
http://www.consumerreports.org/cro/home-garden/sports-exercise-equipment/bikes/bike-buyingadvice/index.htm for the bicycle category, and http://www.consumerreports.org/cro/appliances/kitchenappliances/coffeemakers/coffeemaker-buying-advice/index.htm for the coffee maker category.
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The number of profiles and the actual profiles to be used in the studies for the three
product categories was determined optimally using a SAS experimental design macro assuming a
standard main-effects design, based on P attributes only (to be consistent with the benchmark
models). Given the number of P attributes and their corresponding levels, a 48-profile design, a
64-profile design, and a 48-profile design are deemed to be 100% D-efficient for sunglasses,
bicycles, and coffee makers, respectively. For the sunglasses and coffee maker category, I
generated 48 profiles for each category and divided them into 12 sets with 4 profiles in each set.
For the bicycle category, I generated 64 profiles, randomly selected 48 profiles for each group,
and divided the chosen profiles into 12 sets with 4 profiles. This was to reduce the cognitive
burden on the participants when implementing two product categories in one study.
In Study 1, prior to the choice tasks, I took pictures of every participant with every
sunglasses profile on, including the profiles for the holdout task and stored the pictures in a
database. This is for the method to be implemented in a computer framework, but with currently
available technology, this process may be conducted in a much simpler and streamlined way (e.g.,
FRAMEFINDER 2009, Virtual Wardrobe 2009). Also at this time, I conducted the second stage
of the proposed mechanism where participants also provided individual I attribute ratings for all
profiles. These ratings were presented to the participants at the time of their choice in each round
so that the collection of I attributes does not interfere with the main conjoint task. In Study 2, I
relaxed the requirement of obtaining pictures of respondents trying on every profile. For the
bicycle category, I took one picture of every subject which were shown to other participants in
the later stage, and for the coffee maker category, no pictures were taken at all (i.e., texts and
pictures of products only).
The third stage is the main stage of the group-sourced mechanism and was implemented
through an online framework. The participants were presented with different profiles of the
products in each round and were able to evaluate the E attributes. The main study starts by
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randomly assigning individuals into a group. For Study 1, four people were assigned to one
group, and for Study 2, three people were assigned to a group. A large number of people may
cause information overload for the decision-making participant, but it may also give a more stable
derived preference if the shopping consultants’ opinions tend to converge to the mean. 6 Each
group goes through multiple rounds, where information is shared within a group, but not between
other groups. Each round corresponds to a standard choice-based conjoint (CBC) question, where
all the participants are shown multiple profiles (four profiles in a round) of a product, and they are
asked to select the one they like most. Here’s where the methodology departs from traditional
conjoint. Unlike conjoint, before a participant selects her most preferred item from the set in each
round, she is shown her own ratings for I attributes ratings (only in Study 1) and she also obtain
ratings for her selected E attributes from her designated consultants (for both studies).
The specific procedure is presented in Figure 1. First, each participant provides
information on her demographics and expertise. This information is revealed to the other group
members at the end of each round when she makes a choice, so that s/he can put different weights
on the consultant recommendations if s/he chooses. In Study 2, I collect more detailed
information on demographics and usage behavior, since the generalized set of E attributes
represents more than “looks”, unlike in Study 1. Second, each participant evaluates his/her own E
attributes for all the dimensions (P and I do not need to be evaluated because P attributes are the
same for everyone, and I attributes, if included, are already stated when the participants tried the
profiles on before the main study). Third, the individual eliminates profiles that are not in her
consideration (participants are asked to choose the profiles that they would consider buying). This
is to allow for time efficiency and prevent the focal subjects and consultants from being tired due
to the onerous nature of the task. By only evaluating the profiles that the focal subject considers

6

An interesting problem for future research is the optimal number of profiles and people in each group.
Three or four worked well on a standard monitor and did not cause each round to take too long.
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choosing, the processing time and effort that the participants when in consultant roles spend on
evaluating the product will be reduced. It is also conceptually equivalent to the individual
forming a consideration set before making a choice, which has been shown to improve
predictions and forecasts of actual purchase decisions (e.g., Kardes et al. 1993, Shocker et al.
1991). In Study 1, the focal participant also chooses E attributes that she wants others’ opinions
on at this stage. Specifying the E attributes that the participant wants feedback on is another way
to reduce the processing load of the consultants, and they will only need to evaluate the consumer
on those elements. In Study 2, to further allow for time efficiency and reduce cognitive burden of
the participants, they choose a set of “global” E attributes (which applies to every choice set) that
they would like feedback from other people before the second step (providing self-stated E
attributes for all dimensions) explained earlier.
After the participant makes a decision on which profiles she is going to consider
choosing, the consultants rate each profile chosen by the focal subject and evaluates how it looks
on her (based on the E attribute space requested by each focal subject). All the profiles for one
person in that round are displayed on one webpage to reduce the processing load.
The individuals in the same group give feedback in three ways. First, each participant
with the consultant role rates and comments on how each profile fits the decision-making
participant on the various E dimensions. This is a quantitative measure. For example, on the
dimension asking how a pair of sunglasses makes the individual look young, each of the
participants can rate on a scale of 1 (very negative) to 5 (very positive) with 3 for neutral. Second,
the consultant chooses the best profile that she thinks best fits the focal subject. Lastly, the
consultant can provide optional open-ended comments under each profile to justify the ratings
and recommendation. After the consultant finishes evaluating profiles for that person, s/he goes
on to the next page to evaluate the next consumer, and repeats this until s/he has finished
evaluation for every other individual in his/her group.
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After all the evaluations have been done, participants (as consumers) receive the
evaluations from other people. The information revealed to them is the individual ratings for the
E attributes they specified earlier, the profiles that each consultant chose as fitting the focal
person best, and free-form comments. Then the focal subject selects the profile that she likes
most, given P, her stated I (if included) and E attributes earlier, and others’ stated E attributes and
best profile recommendations. The study proceeds to the next round once everybody in the same
group finishes their selection in a round (i.e. synchronous decision rounds).
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Obtain entire attribute space (qualitative method/generalized set)

Take pictures of subjects with profiles on (if applicable); obtain I ratings

Form groups by randomly assigning individuals

Individuals provide their personal information

Study 2: Individuals choose global E attributes to get others’ feedback

One Round
Individual i is shown 4 profiles (with pictures, if applicable), then
provides his/her own E ratings
A new round
with different set
Individual i chooses profiles to solicit others’ opinions on;
Study 1: Individual i chooses E attributes to get others’ feedback

Individual i provides E ratings for each person in the group; he/she
also chooses the best profile that fits each person
More customers to evaluate
Individual i is shown feedback provided by the other respondents in the group and
selects the profile to purchase, considering P, their own I and E, and others’ E and
recommended profiles
No more rounds

End of mechanism

Figure 2-1 General Procedure of Group-Sourced Mechanism
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Control Condition
The control condition provides a strong set of benchmark methods for the PIE framework
and group-sourced method. Standard conjoint is nested in the control condition, and I test Luo,
Kannan, and Ratchford (2008)’s framework as well, which is the strongest model in the literature.
To prove that our method is worth pursuing, I need to show that our model has better predictive
ability than these benchmarks, and of course high face validity and implementability.
Furthermore, the control condition is a reduced form of the PIE framework which is a
contribution of itself. Under this framework, E attributes are considered, but the evaluation of E
attributes comes solely from the focal consumer herself, without any real time input from other
people. Specifically, the focal participants do not receive feedback on E attributes. Instead, the
subjects make a choice in each round given a description of the profile’s P attributes, their own I
(if included) and E ratings, and pictures of themselves in profiles. Thus, the control condition
serves as an even stronger benchmark than standard conjoint or even Luo, Kannan, and Ratchford
(2008)’s framework.
The steps in the control condition are as follows. The first two stages are implemented in
the same way as in the group-sourced condition. That is, I attributes, if included, are already
identified prior to the main study, and for Study 1 I take pictures of every subject in each of the
sunglass profiles. The subjects also state their own ratings for I attributes. This is where the two
conditions differ. In the control condition, the third stage of the group-sourced mechanism, where
the subjects get into groups and provide E attribute ratings for each other, is eliminated. Skipping
this step, each subject provides his/her own E ratings and makes a choice between the profiles,
given the P attributes, his/her own I (if included) and E ratings, and photos of him/herself (if
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applicable – only in Study 1). The steps that the subjects go through in the group-sourced
condition and the control condition are compared in Table 5.

Table 2-5 Comparison between Control Condition and Group-Sourced Condition
Control Condition

Stage 1
Stage 2
Stage 3
Stage 4

Stage 5

Group-Sourced Condition
Identify I and E attributes
Focal subject comes to the lab, tries on product, takes pictures (if applicable), and
provides her ratings for I attributes
Focal subject provides her ratings for E
Focal subject and consultants provide
attributes
their ratings for E attributes
Focal subject makes choice given P, I,
Focal subject makes choice given P, I, and
and self-rated E attributes and photos of
self-rated and consultant-rated) E
themselves (if applicable)
attributes and photos of themselves (if
applicable)
Focal subject brings in a friend, sees pictures of herself with profiles (if applicable),
chooses a profile (can get opinion of the friend), focal subject and friend provide
their ratings for E attributes.

Validation Task
I conducted a holdout task to test whether our mechanism has significantly better
predictive performance than traditional conjoint analysis and the procedure of Luo, Kannan, and
Ratchford (2008). To implement the holdout task in a realistic way, the subjects are required to
come to the lab one week after the calibration task, accompanied by a friend.7 A week’s lag is
used to prevent any effects that the calibration task has on the subject. Each subject is shown
pictures of 20 options of products (sunglasses for Study 1 and bicycles and coffee makers for
Study 2) for holdout purposes, and asked to choose one option out of the group, which mimics a
real life situation of 20 product options in a showroom when consumers are making purchases in
stores. In this process, the subject is allowed to consult his/her friend for opinions on how s/he
would look in them and/or which product to consider. After the subject chooses an option that she

7

The subject’s friend is also compensated for participating in the holdout task.
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likes most, I measure the E attributes, provided separately by the subject and his/her friend. If
s/he decides to change her mind, s/he can choose a new option out of the 20 original holdout
profiles, if not, the task is finished. This is a much more stringent set of holdout tasks (one week
after, as well as a larger set – 20 options versus the task which contained four) than common
standards utilized in most marketing research studies.
The holdout task requires a subject to bring a real friend to give feedback, which is a
reflection of real life purchase decisions. This is a strong test of the group-sourced method where
the peers used for providing the E attributes were strangers. If marketers were to implement this
method, the peers are also likely to be strangers. However, in real life, individuals will be
accompanied by their family or friends. If our method can lead to accurate prediction in this
context, it would give us substantial confidence in its field validity. One thing to note is that the
presence of a friend does not imply that the subjects listened to the friends’ feedbacks, because
they weren’t instructed to do that (they could, if they wanted to).

Reward Mechanism
After the study is finished, the subjects are compensated based on their performance. In
Study 1, everyone is given a pair of sunglasses, randomly selected from all the pairs that they
have chosen in the calibration task and the validation task. In Study 2, one winner from the study
is randomly chosen who wins a bicycle and a coffee maker, again randomly selected from their
chosen calibration and validation task pairs. This makes the mechanism incentive-aligned for the
consumer-role. They are also rewarded according to their performance on the consultant-roles; in
particular, they are paid based on whether the consumer (whom they provided advice to)
ultimately chooses the profile that was recommended by them.
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Analysis and Results

Analyzed Data
Five types of data are obtained from the group-sourced mechanism: choice data,
evaluation of I attributes by the focal subject herself (only in Study 1), evaluation of E attributes
by the focal subject herself, evaluation of E attributes by others, and each consultant’s choice of
best profile that fits the focal subject.
In standard conjoint, only choice data is obtained. In Luo, Kannan, and Ratchford
(2008)’s framework, stated purchase likelihood and self-rated I attributes are obtained. In the
control condition, which has standard conjoint and Luo, Kannan, and Ratchford (2008)’s
framework nested within, other people’s feedback on E attributes and their recommendations are
not measured. Thus, only three types of data, i.e., choice data, self-rated I and E attributes are
obtained.

Model
Several models for the two conditions were estimated to examine the value of obtaining E
ratings from other people. I describe the simplest models first, with P attributes only, and move
on to models incorporating I and E attributes. Models 1 (in the control condition) and 4 (in the
group-sourced condition) include P attributes only and are equivalent to CBC. Models 2 (in the
control condition) and 5 (in the group-sourced condition) includes I attributes in addition to P
attributes as in Models 1 and 4, and are equivalent to Luo, Kannan, and Ratchford (2008)’s
model. Models 1, 2, 4, and 5 are the benchmark models. Note that Models 2 and 5 do not exist in
Study 2 because the evaluations for I attributes are not collected.
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Now, I move on to the models incorporating E attributes. Model 3 in the control
condition and Models 6 through 11 in the group-sourced condition include E attributes as well as
P and I attributes (if applicable). These models differ in how the E attributes were treated. In the
group-sourced mechanism, I integrate self-rated and consultant-rated E attributes for the model
estimation, because I obtain ratings for E attributes from the focal subject and multiple
consultants. The key question in incorporating other people’s advice involves how much weight to
put on own and others’ opinions. After receiving advice, there may be a conflict between the
decision maker’s own opinion and the advice from other people. In that case, the decision
maker’s weighting policy may be at one extreme of completely ignoring the external opinion, or
in the middle by adjusting her own opinion toward the other’s opinion by using some weights, or
at the other extreme of completely adopting the other’s opinion.
Model 3 (in the control condition) and Model 6 (in the group-sourced condition) consist
of P, I (if applicable), and self-rated E attributes. These models represent one end of the focal
subject’s weighting policy of completely ignoring other people’s advice. Moving to the middle,
Models 7, 8, and 9 consider consultant’s E ratings in addition to self ratings. They all take an
equal weight of self and (some subset of) consultant ratings.8 The difference between these three
models is how each treats multiple consultant ratings. Since the focal subject receives advice
from three consultants (in Study 1) and two consultants (in Study 2), the question is how much
weight to put on each piece of advice. In Model 7, the focal subject’s self rating and the three (in
Study 1) or two (in Study 2) consultants’ average score were equally averaged to get one value
for the E attribute. Thus, the self-rating weight equals 1/2, and each of the consultants’ weights is
1/6 in Study 1 and 1/4 in Study 2. Previous literature has shown in various contexts (such as
business and marketing, or assorted prediction tasks) that decision makers tend to average when

I also tested the model at the other end of extreme, completely adopting consultant feedback, but don’t
discuss the results here because they did not improve model fit.
8
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they are told to aggregate multiple opinions (e.g., Fischer and Harvey 1999, Maines 1996,
Wallsten, Budescu, and Tsao 1997).
Note here, and in the other models which take into consideration of other people’s
feedback, missing values in consultant-rated E attributes for some profiles (since the focal subject
eliminates profiles and E attributes to be evaluated) were replaced by corresponding self ratings.
This substitution comes from the rationale that the focal participant uses her own evaluations
when there is no external feedback available.
There may also be situations where the focal participant considers a specific opinion
more than others. Model 8 averages the self rating and the maximum rating from the consultants.
This model should yield good predictive performance if the focal subject attempts to seek support
from her peers. This should be more true for certain groups (i.e., teenagers) who rely on peer
group for enhancing self esteem and a sense of belonging (Coleman 1980). Model 9 averages the
self rating and the minimum rating from the consultants. This model will be useful where subjects
are sensitive to negative comments. Also, Model 10 incorporates the maximum ratings of E
attribute from the whole group, including the self and consultants, and Model 11 incorporates the
minimum ratings of E attributes from the whole group.9
For estimation purposes, I use the hierarchical Bayes multinomial logit model, which is
similar to the one specified by Allenby, Arora, and Ginter (1998), and used by Ding, Park, and
Bradlow (2009) in datasets with similar nature (barter market). The probability of subject i
choosing the j-th option from the k-th choice set is given as

=

9

,

I also tested other operationalizations for E attributes, such as taking weights on certain consultants
according to individual factors. However, the predictive performance was no better than the results
presented here.
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where
by self,
,

is the vector of individual I attributes evaluated

is the vector of individual E attributes evaluated by the self and the target group, and

, and

~ N(

is the vector of P attributes,

are vectors of individual partworths, where a priori,

~ N(

),

~ N(

), and

).
This specification not only allows estimation of the individual-level partworths

,

, and

, but also the aggregate or average level partworths , , and and the heterogeneity for each
partworth through Β, Γ, and Δ. I assume diffuse conjugate hyperpriors for , , , Β, Γ, and Δ to
ensure that the posterior is proper, but also allow the data to primarily drive the inferences.
Furthermore, I tested a range of prior values to verify that the reported values are invariant to the
degree of non-informativeness of the priors. The convergence properties of the Markov Chain
Monte Carlo analysis (using multiple parallel chains from overdispersed initial values, Gelman
and Rubin 1992) were also assessed before reporting marginal summaries of the posterior density.

Results
For Study 1, I have 87 subjects for whom I obtained complete data for analysis, 40 in the
group-sourced condition and 47 in the control condition. For Study 2, I have 80 subjects, 43 in
condition 1 (group-sourced condition for bicycle category first, and then the control condition for
coffee makers) and 37 in condition 2 (control condition for bicycle category first, and then groupsourced condition for coffee makers) I first examine the predicted out-of-sample performance of
the previously mentioned models for the holdout tasks, listed in Tables 6a to 6c. The baseline
prediction in a naïve model is 5% (i.e., subjects choose 1 out of 20 profiles).
In Study 1, examining Table 6a, improvement in Models 7, 8, 9, and 10 over Model 6 is
significant at the 1% level. I find that incorporating E attributes leads to significantly better
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predictive performance compared to only incorporating P and P/I attributes. Furthermore, getting
feedback from other people leads to improvement from obtaining E only from the focal subject.
Thus, it is not just the presence of E attributes that matters, but E attribute values obtained from
others.
In Study 2, Table 6b for the bicycle category shows that Model 9 improves in predictive
performance over Model 6, but the rest of the models incorporating consultant-rated E attributes
do not yield superior predictive performance. For the coffee maker category, as shown in Table
6c, the improvement in Models 7, 8, and 10 over Model 6 is significant at the 1% level, which is
largely consistent with the predictive performance results in Study 1. The best performing model
in Study 1 is Model 10. The best performing models in Study 2 are Model 9 for the bicycle
category and Model 10 for the coffee maker category. Models 9 and 10 adopt very different
heuristics. In Model 9 the focal participant will tend to adjust his/her self evaluation downwards,
whereas in Model 10 the focal participant will tend to adjust his/her self evaluation upwards.
While it is not clear what the optimal weighting to incorporate opinions from others to infer
consumer preferences is, and that was not the goal of this research, I can see that feedback on E
attributes from other people improves predictive performance. Thus, the importance of
incorporating the information from others is stable across both studies.
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Table 2-6 Predictive Performance for the External Validity Tasks for Sunglasses

Information Used for Validation

Model
1
2

Control Condition
In-sample Validation
50%
3%
55%
4%

P
P, I
P, I, E
P, I, self-rated E
3
82%
P, I, average of self-rated E and mean of consultant-rated Es
P, I, average of self-rated E and max of consultant-rated Es
P, I, average of self-rated E and min of consultant-rated Es
P, I, max of self-rated E and consultant-rated Es
P, I, min of self-rated E and consultant-rated Es
1
Best performing model (there is no significant difference between Models 8 and 10)
2
Second best performing model
3
Third best performing model (there is no significant difference between Models 3

42%3

Group-Sourced Condition
Model In-sample Validation
4
52%
8%
5
54%
7%
6
7
8
9
10
11

72%
81%
91%
77%
91%
72%

39%
46%2
52%1
43%3
53%1
39%

Table 2-7 Performance for the External Validity Tasks for Bicycles
Control Condition
Model
In-sample Validation
1
69%
11%

Information Used for Validation
P
P, E
P, self-rated E
3
89%
36%3
P, average of self-rated E and mean of consultant-rated Es
P, average of self-rated E and max of consultant-rated Es
P, average of self-rated E and min of consultant-rated Es
P, max of self-rated E and consultant-rated Es
P, min of self-rated E and consultant-rated Es
1
Best performing model
2
Second best performing model (there is no statistical difference between Models 6 and 7)
3
Third best performing model (there is no statistical difference between Models 8 and 10)

Group-Sourced Condition
Model
In-sample Validation
4
63%
16%
6
7
8
9
10
11

90%
88%
89%
90%
90%
71%

46%2
46%2
41%3
51%1
39%3
21%

21

Table 2-8 Predictive Performance for the External Validity Tasks for Coffee Makers

Information Used for Validation
P
P, E
P, self-rated E
P, average of self-rated E and mean of consultant-rated Es
P, average of self-rated E and max of consultant-rated Es
P, average of self-rated E and min of consultant-rated Es
P, max of self-rated E and consultant-rated Es
P, min of self-rated E and consultant-rated Es
1
Best performing model
2
Second best performing model
3
Third best performing model

Control Condition
Model
In-sample Validation

Group-Sourced Condition
Model
In-sample Validation

1

69%

10%

4

66%

7%

3

88%

37%3

6
7
8
9
10
11

76%
80%
86%
73%
90%
73%

24%
30%
40%2
22%
47%1
21%
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There are a number of important observations. First, in Study 1, the out-of-sample
predictive performance for Models 1, 2, 4, and 5 are extremely low (3%, 4%, 8%, and 7%,
respectively), although the model fit in the calibration task is over 50% for all four models. This
indicates that the preferences estimated under these models are consistent, but may not reflect real
life behavior closely. The subjects may have paid attention to P and I attributes in the lab, where
the setting is artificial, but not in the validation task, when they are accompanied by their real
friends. I find that the predictive performance for Models 1 and 4 in Study 2 (11% and 16% in the
bicycle category and 10% and 7% in the coffee maker category, respectively) has improved
compared to Study 1, and is significantly higher than the baseline prediction in a naïve model
(5%), with the exception of Model 4 in the coffee maker category.
Second, there is a statistically significant difference (42% versus 39%) in predictive
performance for Models 3 and 6 in Study 1, which both incorporate P, I, and self-rated E
attributes. This pattern is consistent in the coffee maker category of Study 2 (37% versus 24%). In
the group-sourced condition, the model with P, I and self-rated E is a restricted version of the
data-collection process; there is a mismatch between the data-collection process and the choice in
the holdout task. As subjects may realize the availability (and the relevance) of the consultantrated E attributes, it is possible that subjects give less emphasis on their own evaluations for E
attributes. On the other hand, in the control condition, the model with P, I and self-rated E is a full
version of the data-collection process; there is no mismatch between the data-collection process
and the choices in the holdout. In this condition, subjects know nothing else is available for them,
which enables them to use their own information more wisely. Clearly, further research on this
issue is important, but at least it suggests that researchers assess differences between the same
data, but coming from different contexts.
Next, I examine the parameter estimates from selected models mentioned in the previous
section. The results for Study 1 (sunglasses) are included in Table 7a, and the results for Study 2
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(bicycles and coffee makers) are presented in Tables 7b and 7c. I report the results from Models
1, 2 (if applicable), and 3 in the control condition, Models 4, 5 (if applicable), and 6 in the groupsourced condition and the models which yield the best predictive performance. Across all product
categories, in the P or P/I only models (Models 1, 2, 4, and 5), many parameter estimates are
statistically significant, meaning subjects can discriminate between the attribute levels (i.e.,
perceive that the products are not identical). However, as E attributes are added in the model,
interestingly, many of the significant parameters in the P or P/I models become insignificant. This
is consistent across the control condition and the group-sourced condition, that is, several
partworths become insignificant after adding E attributes.
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Table 2-9 Parameter Estimates for Sunglasses
Control Condition
Model 1

Frame color
White: base
Red
Brown
Black
Frame shape
Oval: base
Round
Rectangle
Square
Frame material
Metal: base
Plastic
Lens color
Blue/Purple: base
Brown
Black/gray
I
Comfort
Durability
E
E1
E2
E3

Model 2

Model 3

Model 4

Group-Sourced Condition
Model 6
Model 5

Model 10

Post.
mean

Prec.

Post.
mean

Prec.

Post.
mean

Prec.

Post.
mean

Prec.

Post.
mean

Prec.

Post.
mean

Prec.

Post.
mean

Prec.

0.00
0.56
1.50
2.10

-9.25
12.23
11.04

0.00
0.45
1.52
2.08

-10.01
10.91
7.28

0.00
0.40
-0.06
0.40

-4.87
6.50
3.51

0.00
0.38
1.12
1.91

-9.68
12.78
10.07

0.00
0.35
1.06
1.83

-8.68
13.75
9.43

0.00
0.43
0.58
1.27

-7.36
9.25
4.97

0.00
0.46
1.96
3.96

-3.64
1.33
0.53

0.00
-0.36
-0.95
-0.29

-14.37
7.65
8.82

0.00
-0.37
-0.93
-0.41

-11.43
9.19
8.65

0.00
-0.18
-0.30
-0.24

-9.68
3.84
8.17

0.00
-0.27
-0.69
-0.26

-5.69
3.01
10.12

0.00
-0.27
-0.75
-0.33

-8.18
2.10
9.89

0.00
-0.29
-0.64
-0.34

-8.31
0.53
10.3

0.00
-1.35
-2.07
-0.78

-1.10
0.08
2.92

0.00
0.38

-5.36

0.00
0.20

-7.26

0.00
0.50

-5.20

0.00
0.11

-3.42

0.00
-0.03

-5.59

0.00
-0.09

-1.84

0.00
-0.10

-0.83

0.00
0.91
0.35

-9.45
15.47

0.00
0.90
0.31

-10.03
10.57

0.00
0.14
-0.13

-8.77
10.01

0.00
1.10
0.61

-8.74
6.21

0.00
1.09
0.59

-10.00
8.67

0.00
1.12
0.59

-6.89
2.15

0.00
1.55
2.00

-1.21
0.39

---

---

0.45
0.13

14.89
14.21

0.52
0.13

3.44
4.01

---

---

0.27
0.13

15.95
15.26

0.13
0.03

12.50
11.08

0.82
0.21

4.75
0.94

----

----

----

----

1.77
1.20
1.25

2.87
5.22
3.59

----

----

----

----

1.02
0.68
0.68

12.97
10.97
8.97

4.56
1.74
2.58

1.79
2.47
0.87

Note: Bold indicates that zero lies outside of the 95% posterior interval
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Table 2-10 Parameter Estimates for Bicycles

Frame Design
Type 1: base
Type 2
Type 3
Type 4
Type 5
Type 6
Type 7
Type 8
Frame material
Aluminum: base
Carbon Fiber
Steel
Wood
Frame color
Red: base
Green
Blue
Yellow
Handlebars
Type 1: base
Type 2
Saddle
Type 1: base
Type 2
Wheels
Type 1: base

Control Condition
Model 1
Model 3
Post. Prec. Post. Prec.
mean
mean

Model 4
Post.
Prec.
mean

Group-Sourced Condition
Model 6
Model 7
Model 8
Post.
Prec.
Post. Prec.
Post. Prec.
mean
mean
mean

Model 9
Post. Prec.
mean

0.00
-0.85
0.86
-0.52
-4.26
-1.42
-0.94
0.38

0.00
0.59
5.50
1.71
0.03
1.27
2.51
1.55

0.00
0.28
1.19
-0.16
-0.93
-0.21
0.27
1.00

0.00
4.84
4.06
2.32
1.69
5.55
3.11
3.84

0.00
-1.35
0.39
-1.54
-2.49
-0.79
-1.48
0.00

0.00
1.99
0.44
2.78
1.09
5.72
2.72
4.23

0.00
-2.76
0.76
-2.90
-3.18
-1.53
-1.80
0.26

0.00
2.61
0.94
3.72
2.87
1.73
2.83
1.50

0.00
-2.55
0.10
-2.94
-2.26
-1.50
-1.60
-0.18

0.00
3.63
0.51
0.47
2.94
3.40
3.03
1.01

0.00
-2.08
-0.21
-2.85
-2.37
-1.30
-1.14
-0.03

0.00
3.59
0.26
0.37
2.28
3.50
2.49
2.75

0.00
-1.87
0.64
-3.28
-3.13
-1.45
-2.29
0.73

0.00
2.21
0.11
2.15
1.91
2.57
1.52
2.36

0.00
0.57
0.08
-1.02

0.00
2.71
2.46
1.11

0.00
-0.17
-0.15
-0.63

0.00
6.34
3.84
5.43

0.00
0.28
-0.41
-0.92

0.00
1.53
5.02
3.27

0.00
0.11
-1.33
-2.30

0.00
0.39
3.36
1.45

0.00
-0.08
-0.80
-1.37

0.00
0.91
2.46
1.41

0.00
0.06
-0.77
-1.31

0.00
2.25
0.85
2.23

0.00
0.35
-0.89
-2.27

0.00
0.37
1.07
1.84

0.00
-0.04
0.20
-0.36

0.00
0.94
6.45
4.88

0.00
-0.55
0.03
-0.18

0.00
6.26
4.37
3.31

0.00
0.49
0.56
0.16

0.00
7.71
3.97
6.88

0.00
0.25
0.69
0.13

0.00
3.35
2.65
2.43

0.00
0.35
0.90
0.57

0.00
2.48
3.10
4.82

0.00
0.49
0.94
0.41

0.00
4.00
0.78
3.92

0.00
0.89
1.30
0.92

0.00
3.00
1.34
3.61

0.00
-0.10

0.00
0.36

0.00
-0.24

0.00
1.24

0.00
-0.12

0.00
0.64

0.00
0.31

0.00
0.43

0.00
0.25

0.00
0.77

0.00
0.51

0.00
0.96

0.00
0.18

0.00
0.15

0.00
-0.43

0.00
8.25

0.00
-0.15

0.00
6.62

0.00
0.07

0.00
4.82

0.00
-0.10

0.00
0.42

0.00
-0.07

0.00
0.63

0.00
0.17

0.00
1.00

0.00
0.29

0.00
0.73

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00
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Type 2
Type 3
Type 4
Price
$1,000: base
$1,100
$1,200
$1,300
E
E1
E2
E3

0.28
0.21
0.33

2.51
5.19
1.08

-0.28
-0.08
-0.09

5.89
5.26
5.01

-0.18
0.10
0.07

3.58
6.08
0.74

-1.05
-0.46
-0.08

2.49
1.61
3.13

-0.76
-0.66
0.01

3.03
1.44
4.17

-0.39
-0.69
0.43

3.85
2.35
5.24

-0.38
-0.29
0.53

3.36
1.83
3.78

0.00
0.15
0.16
0.17

0.00
4.80
7.01
2.12

0.00
-0.64
-0.47
-0.17

0.00
5.96
5.60
5.04

0.00
0.15
0.04
0.07

0.00
10.28
10.71
9.78

0.00
-0.42
-0.12
-0.73

0.00
4.98
4.72
3.54

0.00
-0.03
-0.16
-0.49

0.00
4.01
3.61
5.66

0.00
0.13
0.13
-0.23

0.00
4.63
3.94
5.08

0.00
0.30
0.09
-0.48

0.00
3.47
4.90
2.96

----

----

2.24
2.15
1.73

1.02
7.46
5.34

----

----

3.10
3.64
0.80

0.35
1.64
2.24

2.81
2.89
1.81

1.51
3.56
1.45

2.31
2.07
2.24

2.09
1.32
0.28

2.95
2.62
0.96

0.11
0.11
0.31

Note: Bold indicates that zero lies outside of the 95% posterior interval
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Table 2-11 Parameter Estimates for Coffee Maker

Control Condition
Model 1
Model 3
Post. Prec. Post. Prec.
mean
mean
Capacity
1 cup: base
2~4 cups
5~9 cups
10 cups or more
Filter
Paper: base
Reusable
Interior material
Plastic: base
Stainless steel
Machine design
Type 1: base
Type 2
Type 3
Type 4
Type 5
Type 6
Machine color
Black: base
White
Red
Blue
Price
$60: base
$80
$100

Model 4
Post.
Prec.
mean

Group-Sourced Condition
Model 6
Model 7
Model 8
Post.
Prec.
Post. Prec. Post.
Prec.
mean
mean
mean

Model 10
Post.
Prec.
mean

0.00
0.52
0.83
0.70

0.00
5.29
3.18
0.58

0.00
0.94
1.06
0.72

0.00
4.14
5.49
3.99

0.00
0.74
0.55
0.15

0.00
8.47
3.61
0.51

0.00
0.76
0.38
-0.03

0.00
5.30
3.34
0.48

0.00
0.50
0.30
0.01

0.00
5.34
4.33
1.67

0.00
0.12
0.36
-0.14

0.00
4.14
4.26
2.44

0.00
0.82
0.68
0.24

0.00
4.62
3.31
0.84

0.00
0.30

0.00
3.49

0.00
0.56

0.00
4.94

0.00
0.38

0.00
2.48

0.00
0.21

0.00
1.69

0.00
0.11

0.00
1.84

0.00
-0.11

0.00
0.76

0.00
-0.16

0.00
0.48

0.00
0.51

0.00
2.62

0.00
0.40

0.00
4.68

0.00
1.03

0.00
5.47

0.00
1.10

0.00
5.26

0.00
1.20

0.00
3.43

0.00
1.49

0.00
1.91

0.00
1.98

0.00
2.98

0.00
1.09
-1.37
0.23
-0.54
0.02

0.00
0.10
0.25
0.26
0.29
0.34

0.00
0.02
0.01
0.51
-0.22
0.26

0.00
1.35
3.24
5.77
3.97
5.99

0.00
1.58
-0.69
-0.61
0.28
-0.50

0.00
0.45
0.28
0.42
0.82
4.43

0.00
0.93
0.50
0.42
0.35
-0.31

0.00
6.78
0.72
0.45
2.50
4.77

0.00
1.03
1.56
0.84
0.49
0.43

0.00
4.04
0.75
0.67
2.40
5.27

0.00
1.72
1.60
1.55
1.32
0.97

0.00
0.74
1.64
2.56
3.78
3.71

0.00
0.96
0.74
0.60
0.75
0.42

0.00
2.80
1.52
0.12
3.54
2.71

0.00
-0.59
-1.40
-0.60

0.00
8.75
0.47
7.36

0.00
-0.22
-0.12
0.02

0.00
6.27
6.03
7.58

0.00
-1.10
-2.02
-1.27

0.00
9.04
2.20
3.72

0.00
-1.02
-1.36
-0.99

0.00
8.21
1.95
2.47

0.00
-0.78
-0.94
-1.01

0.00
7.89
1.23
1.32

0.00
-1.22
-1.25
-1.37

0.00
5.61
2.13
1.03

0.00
-1.47
-1.88
-1.65

0.00
4.90
3.48
1.47

0.00
0.14
0.26

0.00
9.26
9.58

0.00
0.12
0.41

0.00
7.51
8.71

0.00
-0.35
-0.28

0.00
11.49
9.56

0.00
-0.22
-0.13

0.00
8.79
5.78

0.00
-0.30
-0.13

0.00
8.85
5.95

0.00
-0.07
-0.42

0.00
6.38
5.14

0.00
-0.09
-0.39

0.00
5.02
4.79
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$120

-0.13

3.99

-0.07

4.58

-0.57

8.05

-0.79

6.17

-0.68

6.19

-0.74

4.34

-1.21

3.15

----

----

1.83
1.45
1.52

0.58
4.06
9.61

----

----

1.20
0.85
1.01

1.10
3.69
1.79

2.11
1.83
0.64

0.91
0.46
2.47

2.36
2.22
0.98

1.05
0.50
1.65

3.47
1.96
1.22

0.70
5.15
4.19

E
E1
E2
E3

Note: Bold indicates that zero lies outside of the 95% posterior interval
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For both Studies 1 and 2, the partworths of the E attributes are highly significant and their
magnitude is large on the logit scale, implying that the subjects regarded E attributes as very
important (debriefs conducted with participants confirmed this as well) when making choices
possibly to the exclusion of the P and I attributes. One area of concern, and something I checked
for (but were not significant) are multicollinearity issues, due to the data collection task. That is,
since the P attributes serve as one factor that determines the E attributes, the P attributes could
become insignificant erroneously after the E attributes are added.
Another result to note is that the parameter estimates for price in both categories of Study
2 are not significant, and sometimes positive in the magnitudes. Unlike most conjoint studies
where subjects pay close attention to the price attribute in order to make tradeoffs with other nonprice attributes, the group-sourced approach and including E attributes seems to make the subjects
pay more attention to E than the price attributes. One potential explanation for this is that some
respondents can view price as an indication of product quality. Although price is generally
viewed in the marketing literature as a constraint in the choice decision which is consistent with
the economic perspective, several studies have demonstrated that sometimes people seek higher
price for quality, especially when uncertainty bounds (Cattin and Wittink 1982, Erickson and
Johansson 1985, Tellis and Gaeth 1990). In our study, it is possible that subjects who do not have
sufficient knowledge of different attributes of bicycles and coffee makers may rely on price to
make the quality judgment.
In Study 1, examining the partworths for the three E attributes, the dimension of
complementing face shape (E1 in Table 7a) has the highest magnitude, followed by looking
trendy (E3 in Table 7a) and fitting skin color (E2 in Table 7a). Although the magnitudes are
different, the order of the magnitudes is similar across the different models adopting the E
attributes, which means that the subjects considered complementing face shape as important in
their choice of sunglasses. This may be because this aspect is the most visually salient when one
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wears sunglasses. In Study 2, for the bicycle category, I cannot conclude which E attribute has the
highest magnitude across different models. On the other hand, for the coffee maker category,
whether the coffee maker is appropriate for me to own/use (E1 in Table 7c) has the highest
magnitude, which means subjects think of this as an important factor.
Summarizing, by examining the predictive performance and the parameter estimates the
results show strong empirical evidence that the proposed group-sourced mechanism is useful in
understanding individual consumer preferences (in certain product categories).

Conclusion and Future Directions
In this chapter, I introduce a new perspective, namely the “PIE framework” in which
consumers evaluate products using three different perspectives: (1) P attributes, the product’s
physical attributes which are described objectively and there are minimal uncertainty around the
attributes; (2) I attributes, a perspective which focuses on a combination of physical attributes and
the focal subject’s personal characteristics, their values being individual-specific and uncertainty
around them is medium; and (3) E attributes, a perspective which focuses on some combination
of physical attributes, the focal subject’s personal characteristics, and a relevant group’s
perception, their values being individual-specific and uncertainty around them is high.
I also propose a method to obtain derived preferences of individuals by using an
incentive-aligned mechanism where a group of peers serve as shopping consultants who provide
their opinions to the focal individual. In the two empirical studies with the three different product
categories, I find that the results of the group-sourced mechanism strongly indicate the superior
predictive power, compared to traditional CBC and Luo, Kannan, and Ratchford (2008)’s
framework.
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There are at least three situations in which our mechanism adds empirical value to the
traditional conjoint analysis and Luo, Kannan, and Ratchford (2008)’s model. The first one is the
case that consumers update their preferences after hearing opinions from others; if not, the results
will be the same as in conventional CBC (and hence our approach “loses nothing”). In other
words, not only other people’s opinions are important, but they have to be important enough that
the decision maker changes her choice after obtaining them. Second, decisions are not easy such
that the decision maker is motivated to consult other people before making her own decision, and
the preference structure inferred from our method is able to capture this aspect. That is,
conventional CBC may make inaccurate predictions. Third, E attributes must be considered
important for the product, so that there is predictive difference between our method and
traditional CBC. Particularly, I expect that E attributes should be important in products for
publicly visible and symbolic products.
While the empirical test conducted in this chapter shows strong support for the PIE
framework and the group-sourced method, I want to provide several cautionary notes on adopting
them in research and practice. First, in some product categories, the weights given for P attributes
may be very high, and the subject has no need for I or E attributes. Thus, I expect that the model
will be useful for products and services where the effects of I and E attributes have a relatively
strong influence on the consumer’s preference and choice. Second, although this mechanism
works on the assumption that consumers are only obtaining the individual E values (

) from

other people and their opinions do not shift the weights ( ) put on individual elements, there is a
possibility that the weights, as well as the variance across people and their processing rules can be
affected. For example, in the extreme, if a friend tells an individual that she looks old, she may
sort all product profiles on the basis of that dimension, which makes her shift from a
compensatory model to a lexicographic model. Third, there may be instances where a highlybiased comment from a shopping consultant (although incentive-aligned, they may have different
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tastes from ordinary people) biases the preference of the decision-making participant. However, I
hope to minimize this effect with the incentive-aligned reward mechanism.
Because this chapter introduces a new PIE framework and a method to study the
relevance and importance of E attributes, there are several directions for further research. First,
along with the procedure I went through to perform the group-sourced mechanism, there are other
variations besides the choices made in this research. For example, in addition to commenting on
how the product looks/smells/sounds when the individual is using the product profile, the
participants when in the shopping consultant roles could “change one product attribute” that they
think would make the individual look/smell/sound better. This would allow additional
information to be available to the decision-making participant and the researcher. Second, once I
have enough information on the E attribute elements, I may be able to decompose the E attributes
into a population mean and many covariates of personal characteristics (e.g., height, weight,
build, skin tone, hair, etc.), which may alleviate the need for large-scale implementation. Third, it
is possible that an individual participant learns from others, which will in turn change her
preferences on E attributes across conjoint rounds. Thus, time-varying preferences on attributes
for intrinsic utility could be considered. Fourth, I can use the mechanism to find out whether there
are differences in behavior for different people. I can investigate whether a certain model of
weighting policy can be better applied to certain individuals. In this study, I was not able to
investigate this matter because the sample size was too small. I reserve this issue for future
research.
In sum, I introduce a new view of incorporating E attributes in individual preference
measurement and propose and test a new data collection method to obtain others’ opinions, which
mimics consumer decision making in real life. While I believe that improved individual
preference measurement is a valuable contribution in itself, the fact that product returns plays an
important role in measuring customer lifetime value (e.g., Anderson, Hansen, and Simester 2009)
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raises the importance of this work beyond measurement. That is, as the voice of others may be a
significant driver of product returns for many product categories (Berger and Heath 2007),
incorporating it into the preference measurement process has important marketing managerial
benefits. I hope that this chapter will provide marketers a new tool for consumer preference
measurement in extended product categories, which leads to better insights of consumer
preferences.
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Chapter 3
An Introduction to Audio Research and Applications in Marketing
Audio data are now widely available. Due to technological advancements, researchers are
now not only able to store vast amounts of audio data on computers, but have also acquired the
computational power and know-how to glean insights from such data (Burke 2005).
Having begun with objectives like voice, technology development has yielded
applications with great utility. Traditionally, the domain of technological inquiry has belonged to
computer scientists and engineers. Although still emergent, the adoption of audio technology is
becoming more common in the marketing discipline. This trend will only accelerate over the
coming years as marketing scholars become more aware of the value of audio data and the
technologies required to reveal insights into marketing problems.
In this chapter, I endeavor to provide an introduction to the work in audio, including data,
research methods, and examples of applications in practice. I review extant academic literature in
marketing and other business related business disciplines.

Audio Data
In this section, I provide a brief discussion of the major types of audio data available. The
list is not exhaustive, but I hope it will convey three key points: (a) audio data are abundantly
available; (b) they are rich in information; and (c) though large in size, such data can now be
stored on regular personal computers.
I restrict this chapter to a specific type of audio data – human voice. Voice is essential in
human communication, not only because it expresses meaning, but also because it conveys a
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person’s inner state, such as various emotions, uncertainty, and personality. It also plays a big
role in how people perceive and judge other people’s traits and emotional states. According to a
study that was quoted in the Wall Street Journal, “when we are deciding whether we like the
person delivering a message, tone of voice accounts for 38% of our opinion, body language for
55% and the actual words for just 7%” (Wall Street Journal, 2007).
Audio data can be classified into at least three types: (a) those produced and recorded as
products which will be “consumed” by the target listeners; (b) audio recordings of daily human
communication; and (c) voice recordings specifically made for the purpose of analysis in order to
elicit information. Based on traditional data classification in marketing, the first and second types
are secondary data, and the third type is primary data.
Some widely available audio data of the first type includes recorded songs and all
broadcasted radio content. The second type includes recorded conversations. Given technological
advancements, conversations can take place between humans (e.g., communication between a
customer and a representative at a call center), as well as between humans and machines
(software). Smartphones have integrated voice commands extensively and many voice-based
applications have been developed, such as iPhone’s “Siri.” The third type includes conversations
specifically designed in order to collect information from voice, such as in a voice-based
authentication system, where an audio recording is the explicit objective, not the byproduct, of
the exchange.
In the machine learning literature, because the objective is to better train the classifier and
improve prediction, various databases, called speech corpora, contain speech data mapped to
corresponding emotion labels. This enables researchers to train classifiers and then test and make
predictions. Note that in addition to using existing corpora, researchers can create speech corpora
based on their own needs, as long as the speech data are mapped to corresponding emotion labels.
Existing speech corpora have been recorded in a wide range of environments, from several words
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spoken in a quiet condition, to multiple sentences spoken in a noisier condition, and real instances
of telephone recordings. Results show that regardless of the situation and conditions, classifiers
significantly underperform humans.
Three types of speech have been observed in the literature. First, natural, or spontaneous
speech is collected during real situations. Difficulty arises when labeling natural speech data,
because the actual emotion or attitude that a speaker is experiencing is unknown. In this case,
third-party labelers can classify the data depending on how they perceive the emotions or
attitudes in the speech recordings, especially if the objective is to train a machine learning
classifier according to how humans perceive speech. Second, simulated or acted speech is
recorded from professional actors. Actors can provide speech that conveys “clean” emotions with
high arousal, so it is a reliable type of data. Lastly, elicited or induced speech is obtained when
scenarios are given to subjects to induce certain types of emotions (Ververidis and Kotropoulos
2006).
Whether existing or newly collected, digital audio data are typically created by
“sampling” information from an original analog signal. The quality of the sampled sound object
depends on factors such as sample size and sampling rate. The sample size (or bit depth) is the
number of bits (typically 8, 16 or 24) representing each audio signal sample. With more bits in
each sample, the digitized audio can represent the original analog signal more accurately. The
sampling rate is the number of samples per second extracted from an audio signal to obtain a
digital audio file. Commonly employed sampling rates are 11,025 kHz, 22,050 kHz, and 44,100
kHz, with higher sampling rates corresponding to better sound quality. A sound which has the
quality of a CD is typically obtained by taking 44,100 16-bit samples per second (Hz) of an
analog signal, which means one second of CD quality audio requires 1.4 million bits (about 165
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kilobytes of data). Thus, a 1terabyte hard drive can store just over 1,800 hours of CD quality
audio10.

Research Methods
In general, analysis of audio data follows a three-step process. First, raw data is
acquired/recorded, preprocessed and cleaned. Second, relevant features are extracted from the
cleaned raw data to prepare it for processing. Third, machine-learning tools are used to obtain
useful information based on the extracted features. The first and second steps are unique to audio
or visual data, and we will discuss them separately in this section. In the last subsection, we will
describe the underlying machine learning tools, which are the same for both types of data,
although different algorithms are used in different applications.

Audio Data Processing
A discussion about audio data processing requires a basic understanding of how human
speech is produced. Producing human speech requires coordination of three different areas of the
body: the lungs, the vocal folds and larynx, and the articulators. The lungs act as a pump to
produce airflow and air pressure, which is the fuel of vocal sound. The vocal folds within the
larynx vibrate and interrupt the airflow produced from the lungs to produce an audible sound
source. The muscles of the larynx can produce different pitches and tones by varying the tension
and vibration of the vocal folds. Then, the vocal sound can be emitted through the nasal or oral
cavities. At this stage, we can differentiate between the nasal consonants (/m/, /n/, /η/) and other
sounds. The articulators, which consist of the tongue, palate, cheeks, lips, etc., form and filter the
10

1 byte = 8 bits; 1 kilobyte = 1,024 bytes; 1 megabyte = 1,024 kilobytes; 1 gigabyte = 1,024 megabytes; 1
terabyte = 1,024 gigabytes.
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sound being emitted from the vocal folds and interact with the airflow to strengthen or weaken
the sound. For example, the lips can be pressed together to produce the sounds /p/ and /b/, or be
brought into contact with the teeth to produce /f/ and /v/. Vowels are produced when the air is
allowed to pass relatively freely over different lip and tongue positions. For example, /i/ as in the
word “beat” is produced when the tongue is raised and pushed forward, and /a/ as in “bar” is
produced when the tongue is lowered and pulled back.
When the voice exits the mouth, it is transmitted in space over time in the form of a
soundwave. This soundwave, or signal, can be represented as a function of time, which is the
traditional way of observing signals, and is called the time domain. The pitch of the voice is how
high or low the voice sounds, as perceived by a human, represented by the frequency of the
soundwave. The intensity of the voice is how loud or soft a voice sounds, represented by the
amplitude of the soundwave.
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Figure 2-1 Time Domain and Frequency Domain
It has been proven by Fourier that any waveform can be represented as a sum of different
sine waves. And because some high frequency sine waves may be important to examine but are
unobservable in the time domain, sometimes it is more useful to look at the soundwave from
another perspective, called the frequency domain. The waveform in Figure 3 can be represented
as the sum of two sine waves, one with a high amplitude and low frequency, and one with a low
amplitude and high frequency. These two sine waves can be converted to the frequency domain.
A given function or signal can be converted between the time and frequency domains with a pair
of mathematical operators called a transform. An example is the Fourier transform, which
decomposes a function into the sum of a (potentially infinite) number of sine wave frequency
components. The time domain and the frequency domain are two different viewpoints of
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examining the audio signal, and the signal can also be viewed “top-down”, which is a visual
representation used in audio processing softwares called a spectrogram.

Figure 3-2 Basic Terms
Once audio data are recorded, the first step is to preprocess it by converting the analog
signal into a digital signal and filtering out the noise. One common approach in the time or
frequency domain is to enhance the input signal through a method called filtering. Digital
filtering generally refers to the linear transformation of a number of samples surrounding the
current input sample or output signal. There are various ways to characterize filters, but that
discussion is beyond the scope of this chapter. Depending on the task at hand, digital signal
processing applications can be run on general purpose computers using specialized software,
more general software such as MATLAB with an appropriate toolbox (i.e., Digital Signal
Processing toolbox), or with embedded processors that include specialized microprocessors called
digital signal processors.
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Once the audio recording is cleaned, the next step is to extract voice features. Typically,
audio information is first cut into frames for paralinguistic analysis, where the rule of thumb is
10-40 milliseconds per frame, and features are estimated on a frame-by-frame basis, assuming
stationarity. The major features to be extracted include pitch, intensity, temporal features, and the
slope (first derivative) of pitch and intensity. Numerous algorithms are available to extract these
features.
Pitch is determined by the fundamental frequency. A periodic soundwave consists of
multiple frequency components, which are known as partials. Most partials are harmonically
related, and the frequencies of most of the partials are related to the frequency of the lowest
partial by an integer ratio. The frequency of this lowest partial is defined as the fundamental
frequency of the waveform. Various algorithms in pitch extraction are in either the time domain
or the frequency domain.
One example of calculating fundamental frequency in the time domain is based on
autocorrelation. For time signal x(t), the autocorrelation is:

rx ( )   x(t ) x(t   )dt , for lag 

(1)

Fundamental frequency is defined as F0 = 1/T0, and T0 is a lag, where there is a global
maxima. Intensity is often calculated as the root mean square of the amplitude of the soundwave:

1 t2 2
(2)
x (t )dt , for time (t1 , t2 )
t2  t1 t1
Temporal features include, but are not limited to, total duration, speaking duration,
RMS 

silence duration, percent of silenced regions, and the speaking rate (number of syllables/speaking
duration).
For feature extraction purposes, there is a freely available software application, Praat (the
Dutch word for “talk”), which was developed as a phonetic speech analysis tool by researchers
from the Institute of Phonetic Sciences at the University of Amsterdam. It has a point-and-click
interface and can be run using scripts. Researchers can also use MATLAB by writing their own
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codes, or use several toolboxes developed by other researchers which provide routines to extract
various features (VOICEBOX, COLEA, VoiceSauce, etc.).

Machine Learning
Machine learning is a field that includes methods and algorithms that allow computers to
learn something from data (Bishop 2006). Samuel (1959) defined machine learning vaguely as a
“field of study that gives computers the ability to learn without being explicitly programmed”.
Mitchell (1997) proposed a more formal and technical definition: “A computer program is said to
learn from experience E with respect to some class of tasks T and performance measure P, if its
performance at tasks in T, as measured by P, improves with experience E.” According to Mitchell
(2006), “Machine Learning is a natural outgrowth of the intersection of Computer Science and
Statistics.” Although machine learning overlaps significantly with statistics, it is still a distinct
discipline. Mitchell (2006) states, “Whereas Statistics has focused primarily on what conclusions
can be inferred from data, Machine Learning incorporates additional questions about what
computational architectures and algorithms can be used to most effectively capture, store, index,
retrieve and merge these data, how multiple learning subtasks can be orchestrated in a larger
system, and questions of computational tractability.” Datasets used for machine learning are
usually non-stationary, dependent and large in size, whereas standard statistical techniques
always require clean data sampled independently from the same distribution, making them
inefficient when handling very large datasets (Hand 1998). Now that computational power has
increased, analysis of audio and visual data is typically accomplished by using various algorithms
based on machine learning. Machine learning is uniquely suited for handling these tasks, because
it can handle extremely large datasets.

43
Machine learning is a vast field. In general, there are three types of machine learning:
supervised learning, unsupervised learning, and reinforcement learning. Supervised learning is
the task of inferring a model from labeled training data. The training data is comprised of two
parts: the input variables (X’s) and their corresponding target variables (y’s). When the target
variable is categorical, the supervised learning task is called classification; when the target
variable is continuous, the task is called regression. Here I focus on classification, since
regression is a familiar concept in the marketing field. In the classification task, the model
inferred from the training data is called a classifier. Once a classifier is trained with training data,
it is applied to test data (a different dataset from the training data) to infer or predict labels.
Supervised learning is widely used for recognition tasks, such as speech recognition (Klevans and
Rodman 1997) and speech emotion recognition (Lee and Narayanan 2005). In speech keyword
recognition tasks, input variables such as pitch, intensity, and temporal features are extracted
from training data, and the classifier is trained along with the target keywords and then tested on a
new speech dataset to check the performance of the classifier.
Choosing a classification method depends on various factors, including: (a) how to treat
high dimensionality in the feature space, (b) applicability to a small dataset, and (c) how to handle
skewed classes (Schuller et al. 2011). Linear discriminant classifiers (LDCs) and k-nearest
neighbor (kNN) classifiers are intuitive and have been used for a long time (Litman and Forbes
2003; Lee and Narayanan 2005; Shami and Verhelst 2007). However, they suffer from the “curse
of dimensionality;” that is, when the feature dimensions increase quickly, the available data
becomes sparse. Also, kNN is sensitive to outliers. Support vector machines (SVMs) are a natural
extension of LDCs, where the goal is to find the widest gap that divides the data points into
different classes. SVMs have good generalization properties and are used extensively in the
literature (Yu et al. 2001; Ganapathiraju et al. 2004; Morrison, Wang, and Silva 2007). Hidden
Markov models (HMMs), which model the temporal evolution of a signal with an underlying
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Markov process, are also extensively used in speech analytics, because they create natural
representations of speech in the time domain (Juang and Rabiner 1991; Nwe et al. 2003). These
models also have simple algorithmic structures, which are straightforward to implement, and
perform fairly well (Schuller et al. 2009).

Overview of Applications
In this section, I provide a brief review of applications that use audio data. As
applications are by nature diverse, I do not attempt to be exhaustive. The objective is to describe
some of the most common applications in practice and to inspire marketing scholars to use them.
Existing applications using audio data are discussed in the next section.
Research in voice/speech can be divided into two large sub-areas depending on the aspect
of speech on which the research focuses (Cowie et al. 2001). First is the sub-area that focuses on
linguistics, the language and the content that is being conveyed by voice. Speech recognition (or
speech-to-text), and keyword recognition are included in this field. The second sub-area focuses
on paralinguistics, or how words are spoken (i.e., the prosodic features, which refer to the pitch,
intensity, temporal aspects of voice) without regard to content. Paralinguistics can be used to
recognize people’s traits and personalities, detect uncertainty and various emotions, and even
capture deception. Both areas of voice/speech analysis bring various disciplines together, such as
psychology, digital signal processing in electrical engineering, and computer science. I review
literature in psychology, communications, and computer science, and discuss one example
application using linguistics (speech recognition), and three example applications using
paralinguistics (detection of uncertainty, emotion, and deception).
Speech recognition is the most widely used application of audio data analysis. The goal
of an automatic speech recognition system (ASR) is to convert speech data into text form. The
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ultimate goal is to perceive speech on par with a human listener, independent of speaker and
conditional factors (i.e., background noise). The first speech recognition system was developed
by researchers at AT&T Bell Labs. This system was able to detect the numerical digits 0 through
9 in English. Here, classification was dependent on the speaker; that is, the reference data for
each number were collected from a particular speaker and later compared with that same
speaker’s speech data (Klevans and Rodman 1997). It is difficult to measure progress in speech
recognition performance because contexts, environments and tasks vary dramatically.
Commercially available software applications seem to perform fairly well in a speaker-dependent
sense, after being “trained” by an individual to recognize his speech. However, if the application
is used for a new speaker, performance is limited. A common example is automatic call center
applications, which recognize words, digits, and short phrases with a fairly high error rate. A
thorough review of the automatic speech recognition literature can be found in Benzeghiba et al.
(2007).
Unlike linguistic applications like speech recognition above, paralinguistic applications
are much more subtle, and effectiveness varies widely. A relatively well-researched application in
this area is the detection of uncertainty. In a study by Smith and Clark (1993) in which an
experimenter asked participants general knowledge questions, the participants produced hedges,
filled pauses, and exhibited rising intonation contours when they had a lower feeling of knowing
(FOK). Brennan and Williams (1995) examined whether listeners are sensitive to filled pauses
and prosody which are used by speakers to display their metacognitive states. For answers, rising
intonation and longer latencies led to lower perception of FOAK (feeling-of-another’s-knowing)
by listeners. Filled pauses led to lower ratings for answers and higher ratings for non-answers (“I
don’t know/I can’t remember”) than did unfilled pauses.
Pon-Berry (2008) examined which prosodic features are associated with a speaker’s level
of certainty and where these prosodic manifestations occur relative to the location of the
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word/phrase that the speaker is confident or uncertain about. For whole utterances, temporal
features (silence and duration) are most strongly associated with perceived level of uncertainty.
Certain prosodic cues regarding uncertainty are localized in the target region (i.e., the word or
words that a speaker is uncertain about; such as percent silence) while other prosodic cues are
manifested in the surrounding context (such as range of pitch). Other applications in the computer
science and education literature aim to detect uncertainty in spoken dialogue computer tutor
systems so machines can adapt to a user’s state of uncertainty (Xiong et al. 2009; Forbes-Riley
and Litman 2011).
Another relatively well-studied application is the detection of various emotions. This
domain is particularly aligned with affective computing, a rapidly growing domain, which aims to
build machines that recognize, express, model, communicate, and respond to human emotions
(Picard 2003). The goal of emotional speech recognition is to teach a machine to detect human
emotions based on voice. Dai, Fell, and MacAuslan (2009) used three perceptual dimensions for
human judgment: valence, potency, and activation. The basic assumption is that emotions can be
classified into discrete categories.
Research on emotional speech recognition is limited to certain emotions. The majority of
emotional speech data collection includes five or six emotions, although in real life it is difficult
to categorize them discretely. It is assumed that some basic emotions are more primitive and
universal than others, such as anger, fear, sadness, sensory pleasure, amusement, satisfaction,
contentment, excitement, disgust, contempt, pride, shame, guilt, embarrassment, and relief
(Eckman 1999). Murray and Arnott (1993) summarized prosodic and vocal features associated
with various emotions. For example, anger and disgust can be contrasted; anger has a slightly
faster speech rate, a much higher average pitch, higher intensity, and abrupt pitch changes with a
breathy and chest tone, whereas disgust has a very much slower speech rate, a much lower
average pitch, lower intensity, and wide and downward pitch changes with a grumbled chest tone.
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Ang et al. (2002) detected annoyance and frustration from not only prosodic features which were
computed automatically, but also hand-marked speaking style features (such as hyperarticulation,
pausing, or raised voice), and found that only raised voice is a meaningful predictor among the
speaking style features.
Various contexts in detecting emotions have been studied. Some real life situations range
from oral interviews of soldiers in front of a board of superiors being evaluated for promotions
(Hansen et al. 2011), and parents taking to infants to keep them away from dangerous situations
(Slaney and McRoberts 2003), to conversations between patients and therapists to detect
depression and suicidal tisk (France et al. 2000). Ranganath, Jurafsky, and McFarland (2009)
examined flirtation using prosodic and lexical features in the context of speed dates and found
that humans are bad at detecting flirtation. Other studies examined speech in the context of
various technologies. Call center contexts are commonly used in research (Burkhardt et al. 2006;
Morrison, Wang and De Silva 2007). Lee and Narayanan (2005) used prosodic, lexical, and
discourse information to detect emotions while a subject talked to a machine (e.g., during
telephone calls to automatic speech recognition call centers). Some contexts involved subjects,
including children, who interacted with computer agents or robots (Nakatsu et al. 2000; Batliner
et al. 2004). In others, subjects were studied in stressful situations (e.g., the subject drives a car at
various speeds and adds numbers at the same time) (Fernandez and Picard 2003).
Another example of a paralinguistic application is detecting deception. We include this
here to illustrate the fine line one must walk when applying paralinguistics in this way.
Sometimes the desired information may simply be too hard to infer from audio, as is often the
case with deception. It is an area that has gained interest in criminology, communication, and
other fields, but also has sparked controversy as to its efficacy. A meta-analysis (Bond and
DePaulo 2006) of 206 studies shows that humans are relatively poor at detecting deception,
performing at chance level on average. Thus, in contrast to speech recognition, emotion
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recognition and uncertainty detection, in which human performance is often considered the
highest baseline in evaluating machine performance, there are applications which attempt to
detect deception better than the average human (Hirschberg et al. 2005; Enos et al. 2006).
Several studies have attempted to identify cues to deception. One paralinguistic feature
that has been associated with deception is higher pitch (Ekman et al. 1991), but this may be truer
for people who are more motivated to deceive (Streeter et al. 1977). Also, Rockwell et al. (1997)
reported that people who are lying are associated with shorter messages, longer response times,
slower speaking rates, less fluency, increased intensity range and pitch variance, and a less
pleasant vocal quality compared with people who are telling the truth. Anoli and Ciceri (1997)
also reported higher pitch from liars, along with more pauses and words, eloquence and
disfluency.
Linguistic cues have also been studied. Newman et al. (2003) applied a computer-based
text analysis program (which analyzes text across 72 linguistic dimensions) to texts from five
independent sample studies in various combinations. They reported that compared to people who
are telling the truth, liars show lower cognitive complexity, use less self-references and otherreferences, and use more words with negative valence. Other studies also report that deceiving
people and truth-telling people adopt different word patterns (Burgoon and Qin 2005; Zhou et al.
2004), which suggests that it may be useful to analyze linguistic content to detect deception.
DePaulo et al. (2003) examined a total of 158 cues of deception in 120 independent samples and
reported that 16 linguistic or paralinguistic cues appeared significant in multiple studies.
However, no cue has been said to reliably recognize deception across all contexts, subjects, and
situations (Enos 2009).
Another method of detecting deception that is neither linguistic or paralinguistic is the voice
stress analyzer (VSA), which has been commercially marketed. It is said to detect deception by
capturing “stress” inherent in lying by microtremors in the vocal cords. However, an independent
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study examining the effectiveness of this method has failed to support these claims (Haddad et al.
2001).

Research in Marketing and Related Business Fields
Using the human voice to infer various emotional constructs has been prevalent in other
fields, but its application in marketing has been minimal. Brickman (1976, 1980) used voice
analysis to determine positive/negative responses to different product attributes, and predicted
which consumers from a target group would be most likely to try a forthcoming product. Nelson
and Schwartz (1979) applied their voice analysis methodology to test attitudinal scales, consumer
interest in products, and advertising effectiveness. However, these researchers focused on onedimensional constructs. Since the human voice is multi-dimensional, we may be able to obtain
deeper insights in addition to the response itself.
For example, in a survey, which is a commonly used marketing research method, it is
possible that a subject may not always be certain of his/her response to a question; generally, this
aspect is not considered in practice. In the next chapter, I propose the use of human speech as an
alternate data input format, and inferred uncertainty using various prosodic features extracted
from respondents’ voices. I found support that uncertainty inferred from speech can improve the
accuracy of insights from survey responses.
In other business literature, Backhaus, Meyer and Stockert (1985) used voice analysis to
measure the activation component (in contrast to cognitive factors) in the bargaining process of
capital goods markets, where they showed that voice pitch may be used as a valid activational
indicator. Allmon and Grant (1990) used Voice Stress Analysis (VSA) to evaluate responses of
real estate salespeople to ethically-based questions. Some respondents showed stress while
following the ethical code guidelines, while others showed no stress about breaking the formal
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code. Mayew and Venkatachalam (2012) measured managerial affective states during earnings
conference calls by analyzing conference call audio files using commercial emotional speech
analysis software. They found evidence that when managers are scrutinized by analysts during
conference calls, their positive or negative affect provides information about the firm's financial
future. In another study, Hobson, Mayew and Venkatachalam (2012) examined whether vocal
markers of cognitive dissonance are useful for detecting financial misreporting. They used speech
samples of CEOs during earnings conference calls and generated vocal dissonance markers using
automated vocal emotion analysis software. They found that vocal dissonance markers are
positively associated with the likelihood of irregularity restatements made by CEOs.

Discussion
Compared with traditional data that are extensively used in marketing research such as
purchase data and survey data, audio data provide much richer information. In this chapter, I
have discussed the characteristics of audio data, typical data analysis methods, applications in
practice, and academic literature in marketing and other related business disciplines. I hope I have
inspired scholars to utilize audio data in marketing research. While the potential application areas
are wide open, the inference of uncertainty from survey response discussed in the next chapter is
one such case.
I hope this chapter will contribute to the broader adoption of audio data research in
marketing. Given the rich information contained in such data, availability of data, feasibility of
storage, and computational power, I am confident that these data will contribute to better
marketing practices with the help of marketing scholars.
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Chapter 4
Improving Survey Construct Accuracy Through Inferred Uncertainty From
Voice-Based Responses
Marketing research methods involve widespread use of survey based data collection. In
most cases, important constructs are measured with multiple items such as attitudes or evaluations
of a product or service, intentions about future purchases, or willingness to pay. Usually, only
semantic aspects of consumer responses are considered (for example, a subject rates his
satisfaction as 5), regardless of whether they are paper and pencil surveys, telephone, or
computer-based surveys. Marketing researchers, in turn, tend to focus on the point estimate
response itself (which is one-dimensional) and often fail to recognize that subjects may not
always be certain of their responses, which restricts a researcher’s ability to measure constructs
accurately and gain a deeper understanding of consumers (Rust et al. 1999, Wang, Venkatesh,
and Chatterjee 2007). For example, subjects A and B respond to a 1 to 7 survey scale the
likelihood that they will purchase a certain product in the future, with 1 being extremely unlikely
and 7 being extremely likely. Both responses are 7, indicating that the subjects are extremely
likely to purchase the product in the future. However, subject A may be very certain about his
answer (meaning there may be a lower variance around his purchase intention), whereas subject
B may not be as certain about his answer (there may be a higher variance around his purchase
intention than the other person). Traditional methods usually treat the two subject responses as
the same. However, it might be more useful to put a higher weight on subject A’s response than
on subject B’s when predicting whether they would actually purchase the product. Similarly, in a
multiple-item survey, researchers may treat the items differently even within individuals,
depending on the uncertainty. Thus, estimating and predicting consumer behaviors may be
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improved by considering the degree of uncertainty inherent in survey responses. This perspective
is consistent with estimation methods such as weighted least squares, which recognizes that
optimal estimates should weight responses with lower variance more than those with higher
variance.
In the marketing literature, some attempts have been made to capture this uncertainty,
such as by directly asking subjects how certain or confident they are about their responses
(Currim and Sarin 1983). However, subjects may not be able to accurately express their
uncertainty, or there may be demand effects, where the subjects try to infer the experimenter’s
intention and respond in a way that deviates from what they really think. Direct elicitation also
imposes additional cognitive cost on the subjects. Another method is to measure response latency,
the amount of time that the subject spends deliberating before responding to a question, which is
known to partly reflect uncertainty in judgments (Haaijer, Kamakura, and Wedel 2000, Otter,
Allenby, and Van Zandt 2008). However, response latency is indirect, requires the measurement
of latency in a survey, and may not capture the full extent of such uncertainty.
This chapter aims to contribute to this important literature by providing a new tool that
removes the key limitations of extant methods. This is based on the intuition that humans give
verbal/non-verbal clues about their state of uncertainty. I find that incorporating uncertainty in
survey items allows marketers to better measure constructs to explain people’s behaviors.
The rest of this chapter is organized as follows. First, I examine literature on uncertainty.
Then I describe specifically how the proposed audio-based survey can be applied. Next, I present
and analyze the results of a restaurant satisfaction survey that I used to validate this method.
Finally, I conclude with a general discussion of the findings and suggestions for future research.
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Extant Literature on Incorporating Uncertainty in Surveys
Uncertainty is a well established construct associated with human responses (e.g,
O’Conner 1989, Beach and Mitchell 1979, Tsai, Klayman, and Hastie 2008, Kellogg 1931,
Volkmann 1934, Fazio 1989, Lundeberg 2000). In the marketing literature, there exist three
general approaches in incorporating uncertainty into survey responses. First, one may directly
elicit subjects how certain or confident they are about their responses. This can be done by asking
follow up questions on uncertainty with respect to earlier responses (Currim and Sarin 1983). In
this method, there is not only additional cognitive burden imposed on the subjects by adding more
items, but also subjects may not be able to accurately assess their uncertainty, or there may be
demand effects, where the subjects try to guess what the experimenter’s intention is and respond
in a way that deviates from what they really think.
Second, responses may be obtained in forms of probability distributions or ranges. Here,
researchers are not trying to gauge or proxy the degree of uncertainty, but recognize that there
indeed exists uncertainty and try to improve responses by asking subjects to express them in
distributions or ranges. Wang, Venkatesh, and Chatterjee (2007) proposes an incentive
compatible elicitation of a consumer’s reservation price range to account for consumer
uncertainty in product valuation and show that predictive validity is improved. However, not in
all surveys the subject may be able to accurately express the distribution or range of the construct
being measured and the application may be limited to measuring willingness to pay or prices.
Third, uncertainty has been captured to some extent by incorporating response latency
into quantitative models to improve prediction of subject responses. Response latency is
associated with a respondent’s memory access, attitudes, and conflict in decision making. Haaijer,
Kamakura, and Wedel (2000) used response latency to scale the covariance matrix of the
multinomial probit choice model and reported obtaining better parameter estimates, which leads
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to better fit and predictions of holdout choices. Otter, Allenby, and Van Zandt (2008) adopted a
Poisson racing model which quantifies the amount of deliberation a respondent brings to the task.
Their model is able to distinguish between respondents who think quickly and those who act
quickly without much deliberation. Response latency has been shown to be a good proxy for
uncertainty, does not require additional burden on the part of the subjects and researchers,
yielding virtually no cost in a computer-based survey setting. However, there are some
drawbacks. First, response latency is indirect and may not capture the full extent of uncertainty.
Second, the method requires individual-level data collection, and the model improvement by
incorporating response latency is only evidenced in tasks in which the calibration and prediction
are done in the same survey question format, such as conjoint analysis. Third, in some contexts,
where the survey is not conducted on a computer, measuring response latency is not
straightforward.
Fourth, marketers also have used physiological and neurological measurements to gain
deeper insights into consumer preferences, such as eye movement tracking and fMRI. However,
these methods use expensive equipment and require subjects to be present in a lab environment.
Thus, they are conducted with the purpose to gain deep insights on a small sample. Such
methods, regardless of the value, are difficult or impossible to be scaled up for typical marketing
research applications in the field.
The limitations of each general approach have greatly limited their application in real life
survey measurement, although for different reasons. In sum, marketing scholars and practitioners
recognize the importance of the uncertainty, but the extant tools are not readily applicable to
surveys in general.
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Methodology and Empirical Study
I seek a method which enables the researcher to infer uncertainty from voice but at the
same time is feasible to be implemented in practice. This method is based on the computer
science literature and consists of two stages (For a review of the methods, refer to Chapter 3). The
first stage is calibration, where I collect voice data on a panel of respondents and calibrate
uncertainty. Each piece of data is labeled with a degree of uncertainty so that the classifying
algorithm can find patterns that associate the data and the degree of uncertainty. The calibration
only needs to be done once. The second stage is application, where I can apply the calibrated
classifier to various survey contexts with different types of questions within the panel.

Figure 4-1 Two Stages for Application
I conducted an empirical study to show the feasibility and validity of this method. I aim
to show that the method can indeed be implemented in practice without imposing an additional
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data collection burden on researchers and subjects, and feasible in general. In addition, I want to
show the output of this method can create more valuable insights for managers. Due to its wide
use in marketing, I choose to implement and validate the method in the context of a satisfaction
survey with a group of panel respondents.
The practicality of this method comes from two factors. First, for calibration, I only need
to train the classifier once and then apply the trained classifier to a variety of survey contexts in a
panel of respondents. The inference of uncertainty does not require within individual prediction
and the samples used in the calibration and application stages may be a mix of same and different
individuals in the panel, whereas in the response latency literature, calibration and prediction
needs to be done within the same pool of individuals. Second, the analysis can be done with a
wide arrange of tools. The basic tool is MATLAB, but there are point-and-click softwares
available which are easier ways to conduct analysis. Also, the machine learning algorithm is no
different from standard statistical applications. The specific procedure of the voice-based method
is as follows.
During Stage 1, I designed 45 trivia questions2 and recorded subject responses to these
questions. These training questions were used to induce either certain or uncertain responses from
subjects, being either very easy or very difficult to answer. For example, an easy question that
elicited certain responses was, “The capital of the United States is _____________,” and a
difficult question that elicited uncertain responses was, “The year in which the Magna Carta was
signed was _______.” The task was implemented on a computer with a voice recording function
and a built-in microphone. For each question, the participants were shown a sentence with a blank
and they were allowed to examine it as long as they wanted to. When they were ready to go on,
they clicked a button on the screen and were shown multiple response options for the particular
sentence. The subjects were asked to say the sentences naturally out loud, inserting the best
answers for the blanks, without any time restrictions. This implementation is consistent with Pon-
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Berry (2008)3. I also obtained self-reports of (un)certainty on a 5-point scale, where 1 was
extremely uncertain and 5 was extremely certain.
For Stage 2, the context was a satisfaction survey for a recently visited local restaurant. I
recorded subject responses to 6 items measuring satisfaction in the same way on the computer as
explained in Stage 1. For example, one question was, “On a scale of one to ten, the likelihood of
recommending this restaurant to my friends is ___________,” where the options ranged from
“one (extremely unlikely)” to “ten (extremely likely).” I want to apply the trained classifier from
stage 1 to infer uncertainty for each respondent for each question here, and use the inferred
uncertainty to modify the measurement of the satisfaction construct.
In order to test whether the inferred uncertainty indeed provides more accurate/useful
insights to managers, I designed a validation task that contrast the predictive validity of the
modified satisfaction construct vs. the standard satisfaction construct (where it is inferred by
taking the average of all items). In this task, I measured whether subjects would complete a
“repeat purchase” using an incentive-aligned method (Ding, Grewal, and Liechty 2005). A week
after the satisfaction survey, the subjects returned to the lab and were offered a free meal at any
restaurant of their choice from a list of the restaurants that all of the subjects had visited based on
their responses to the satisfaction survey, including the particular subject’s recently visited
restaurant. I obtained voice data from 34 subjects for the training questions for calibration4, and
30 subjects for the satisfaction survey application, which I used for analysis. All subjects were
native-English speakers.

Analysis
I analyzed the data in three steps, which follow the typical voice analysis process in the
computer science literature. First, I extracted features from the voice data by cutting the
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soundwave information into 10 ms frames. Features were estimated within a single frame,
assuming that within that time periods, features remain stationary. Major features related to pitch,
intensity and temporal features, and the slope (first derivative) of pitch and intensity.11
The feature variables finally selected for analysis were consistent with Pon-Barry and
Shieber (2011) and Liscombe, Hirschberg, and Venditti (2005). Pitch and intensity features were
standardized by speaker to account for individual differences; temporal features were not
standardized.

Table 4-1 Extracted Feature Information
Features for
Each Question

Pitch

Intensity

Temporal

Specific
Variable Used

minf0
maxf0
mean f0
stdev f0
range f0
relative position minf0
relative position maxf0
absolute slope (Hz)
absolute slope (semi)

min RMS amplitude
max RMS amplitude
mean RMS amplitude
relative position min
RMS
relative position max
RMS
stdev RMS

total silence
total duration
speaking rate
percent silence
speaking duration

These feature variables were extracted with respect to four segments of the data (i.e., the
questions in the survey). Segment a is the pause between when the subject is shown the webpage
with the specific question and options for the blanks and he/she starts to speak out loud. Segment
b is when the subject speaks out loud the “fixed” part of the sentence, such as “The year that the
Magna Carta was signed is.” Segment c is the pause in between the fixed part and the blank that
the subject is filling in. Segment d is from when the subject speaks out loud the blank part of the
sentence with his/her answer, to the end of the question. I tested different models using features

11

Pitch, intensity, and temporal features were extracted according to the algorithms introduced in Chapter
3’s Audio Data Processing section.
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extracted from different segments.

Figure 4-2 Feature Extraction from Segments
The second step of analysis involved calibrating the classifier with the extracted features
and self-stated uncertainty from the training questions. Similar to the implementation of PonBerry (2008), the self-stated uncertainty was condensed from a 5-point to a 3-point scale, where 1
and 2 were treated as uncertain, 3 was neutral, and ratings 4 and 5 were certain. Regarding the
classifier, I built a C4.5 decision tree model (Quinlan 1993) which is based on information
entropy. This is consistent with the computer science literature on inferring uncertainty from
voice (Pon-Berry 2008; Pon-Berry and Shieber 2011). The analysis was completed independent
of the speaker; that is, all data was pooled together. For i = 1 ,…, m, where si is the number of
datapoints (samples) in class Ci, and pi is the probability that an arbitrary sample is in class Ci ,
the entropy is defined as:
m 
 1 
I ( s1 , s 2 ,..., s m )    pi log  
i 1 
 pi  

(3)

If attribute A has v levels, a1,a2, …, av, the data can be partitioned into subsets S1, S2, …,
Sv, where Sj includes samples that have value aj. The expected information entropy based on
partitioning the data by attribute A is:
v

s1 j  ...  s mj

i 1

s

E ( A)  

I ( s1 j , s 2 j ,..., s mj )

(4)
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Here, the smaller the entropy, the better the subset partitions. The information that would
be gained by partitioning according to attribute A is:
Gain (A) = I(s1,s2,…,sm)-E(A)

(5)

The algorithm was used to calculate the information gain for all the attributes, and the
attribute with the greatest gain (or the biggest entropy reduction) was selected as the test attribute
(i.e., the best attribute for splitting) in the current node. Then, branches were created for each
attribute value and samples were partitioned accordingly.
In the third step, I applied the calibrated classifier to infer uncertainty for the satisfaction
survey. The inferred (un)certainty for each item was used to obtain “modified” satisfaction
constructs. A standard way of measuring a construct is to calculate the average of the item
responses. For example, assume a subject responds 7, 3, 6 to a 3-item construct. The average
would be: (7+3+6)/3 = 5.33. Since inferred uncertainty from voice data is new and there is no
theoretical guideline on how I should approach this modification, I used a series of heuristics to
apply inverse variance weighting after considering various approaches. For each item, I treated
the point estimate (i.e., the subject response) as the mean and the uncertainty as the variance. The
procedure is as follows:
1. Assume that the true response for each item follows a normal distribution N(a, b).
The mean a is the stated response to each question (standardized to 1-7 scale); the
variance b is determined by the following rules:
 If the certainty level is “uncertain”, there is a p% probability that the true level is
within (a - 0.5, a + 0.5);
 If the certainty level is “neutral”, the corresponding probability is q%;
 If the certainty level is “certain”, the probability is r%.
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The (a - 0.5, a + 0.5) window is chosen for the subject’s true response for the
item, because he or she will round the true number to the nearest integer, ultimately
providing an answer from 1 to 7. For example, p=15% probability around the window
(the subject is uncertain) indicates high confidence around that stated response, and
r=85% probability (the subject is certain) is a flat normal distribution, almost uniform,
meaning that the subject can have almost any number in the scale as the true response.
I tested different models for p, q, r, which differentiates the three certainty levels, and
found that assigned percentages do not matter much as long as the three levels of
uncertainty are differentiated, and the results are robust.
2. Obtain variance from distribution.
3. Weight items inversely in proportion to variance. This is often used when aggregating
effect sizes in meta-analyses (Marin-Martinez and Sanchez-Meca 2009).
I tested whether the modified construct could predict behavior better than the standard
construct. Here, either the standard or modified construct measures were treated as independent
variables in a logistic regression in order to discover whether they could predict repeat purchases
in the holdout task. For prediction, I conducted leave-one-out cross-validation, where one subject
from the sample is used for prediction and the remaining sample is used to fit the model. This
procedure is repeated so that each subject in the sample is used once for prediction.
I tested various models which considered different data segments for extracting features
to infer uncertainty. The Benchmark Model is the baseline model which simply averages the 6
items to obtain the satisfaction construct. This is consistent with standard practice in marketing.
Models 1 and 2 are the voice-enhanced models. Model 1 extracts features from concatenated
segments a, b, c, d, in other words, the whole survey question from when the subject was shown
the question to when s/he finishes answering it out loud. Model 2 extracts features from
concatenated segments b and d, which are just the spoken segments. The purpose of this model is
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to test the value of voice analysis beyond response latency (which is related to segments a and c). 5
For models 1 and 2, three different weighting schemes were adopted assuming different levels of
variance in the items depending on the three uncertainty levels to see whether different weighting
has an effect on the performance of the modified construct, where 1) p=15, q=50, r=85; 2) p=30,
q=50, r=70, and 3) p=50, q=70, r=90 (if the certainty level is “uncertain”, there is an p%
probability that the true level is within (stated response - 0.5, stated response + 0.5; If the
certainty level is “neutral”, the corresponding probability is q%; If the certainty level is “certain”,
the probability is r%.). The results are presented in the next section.

Results
The results show that the trained classifier using features extracted from Segments 2 and
4 in the data (Model 3) coded 44.4% of the responses as uncertain on the 3-point uncertainty
scale. Figure 3 and Table 2 show the distribution of inferred uncertainty at the question level and
individual level, respectively. There are slight differences in the distribution of uncertainty on the
question level, where in Questions 1 and 2, in which willingness of recommendation and
likelihood complaint were measured in 7-point verbal scales, subjects appeared more certain, and
in Questions 5 and 6 which asked the probability of revisiting the particular restaurant in 2 weeks
and 6 months, relatively, subjects appeared less certain overall. Likewise, the distributions of
uncertainty are diverse across individuals.
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Question 1: Likelihood of recommendation12

Question 2: Likelihood of complaint
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Figure 4-3 Distribution of Inferred Uncertainty for Satisfaction Survey at
Question Level

12

Questions 1 and 3 both measured likelihood of recommendation, but Question 1 was in a 7-point verbal
rating scale (options range from extremely likely to recommend to extremely unlikely to recommend),
whereas Question 3 was in a 10-point numeric rating scale (options range from 1 to 10). Likewise,
Question 2 was in a 7-point verbal rating scale, whereas Question 4 was in a 10-point numeric rating scale.
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Table 4-2 Distribution of Inferred Uncertainty for Satisfaction Survey
Uncertainty
Frequency for 6 Q’s
Subject
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
Total

Uncertain

Neutral

Certain

3
2
1
3
4
2
3
3
2
3
2
2
3
3
2
5
3
3
3
2
2
3
2
2
1
5
2
2
3
2
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1
0
3
1
1
1
0
0
0
0
0
0
0
0
1
0
0
0
2
0
1
0
0
1
1
0
0
1
0
1
15

2
4
2
2
1
3
3
3
4
3
4
4
3
3
3
1
3
3
1
4
3
3
4
3
4
1
4
3
3
3
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The logistic regression results using the unmodified (simply averaged) and modified
satisfaction construct (6 items) are presented in Table 3. Models 1 and 2, which vary depending
on the different segments that features were extracted from to infer uncertainty, differ
considerably in terms of fit and predictive performance. Model 2 yields the best result in terms of
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fit and prediction.6 These results suggest that I can train a classifier using elicited uncertainty and
improve the accuracy of survey results.
Comparing the Benchmark Model and Model 3, the AIC and the mean squared error both
decrease considerably. Model 1 is comparable to the Benchmark Model, having similar AIC and
mean squared error. The results are robust across different weighting schemes. Except for
adopting p=50, q=70, r=90 for Model 1 which yields slightly better performance compared to the
Benchmark Model, the rest of the weighting schemes do not have much variation in performance.
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Table 4-3 Logistic Regression Results
Coefficient (Satisfaction)

Significance

AIC

MSE from Leave-One-Out-CrossValidation
0.1613

Benchmark
1.3823
0.03
29.447
Model
(unweighted)
Model 1
1.28041 1.28562 1.56253 0.03441 0.03462 0.02513 30.0161
30.0222 28.1893
0.16791
0.16782 0.15823
(Segments
a+b+c+d)
Model 2
2.7651
2.8032
2.8493
0.01111 0.01132 0.01163 23.1621
23.0542 23.4083
0.12531
0.12412 0.12573
(Segments
b+d)
1
Models 1 and 2 were run three times, each time with a different weighting scheme. The results of these three submodels are labled 1, 2, and
3. Three weighting schemes were adopted assuming different levels of variance in the items depending on uncertainty: If uncertain, p%
probability that true response is within ±0.5 of state response, if neutral, q% probability, if certain, r% probability; p=15, q=50, r=85
2

p=30, q=50, r=70

3

p=50, q=70, r=90
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I also examined the correlations between different prosodic features extracted from
Model 1 (concatenated segments b and d) and the self-stated certainty from the training questions
to see which features are relevant in detecting uncertainty, which are presented in Table 4.
Among the pitch features, the minimum, maximum, and range of the fundamental frequency, and
the relative location that the minimum fundamental frequency occurs are the significant
identifiers of uncertainty. Among the intensity features, minimum and the maximum RMS
amplitude are the significant drivers. Within the temporal features, total duration and speaking
duration have high correlation with uncertainty in terms of magnitude and significance. The
results are consistent with the behavioral literature on how uncertainty is manifested in people’s
voices. In an experiment by Smith and Clark (1993) in which participants were asked general
knowledge questions, the participants hedged, filled pauses, and exhibited rising intonation
contours when they had a lower feeling of knowing.

Discussion
To the best of my knowledge, this research is one of the first attempts to incorporate
voice analysis into marketing research. The evidence shows that uncertainty inferred from voice
data can help marketers better interpret survey responses. Compared to three existing approaches
in incorporating uncertainty into survey research, the voice-based method puts less of a burden on
study subjects, because there is no need to ask directly about uncertainty after the classifier is
calibrated with the training questions. Compared to response latency methods, the voice-based
approach measures uncertainty in a more direct way and captures more information, does not
require strict latency measurement, and allows calibration done just once with a panel of
respondents and be used for many different applications later. Using voice is also less expensive
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and removes location restrictions associated with physiological or neurological methods (e.g., eye
tracking or fMRI).
One readily applicable area of this voice-based survey method is telephone based survey.
For example, companies such as Gallup call people from a random sample of telephone numbers,
for obtaining public opinions for various issues like elections. In this case, the accuracy of the
result may be improved by incorporating uncertainties in people’s voices, since these interviews
are normally recorded already.
I identify three fruitful directions for future research. First, the machine learning
algorithm I used in this research is the standard method used in computer science for voice
analysis on uncertainty, but it will be helpful to test performance of different machine learning
algorithms for inferring uncertainty. Second, because there is no literature on how to incorporate
the inferred uncertainty into a construct, I have proposed a somewhat ad hoc method to achieve
this goal. While the results appear robust to different specifications, it might be worthwhile to
explore alternative method with stronger theoretically foundation. Third, it would be useful to test
the method in a large-scale panel. Due to demand in time, I was not able to do this in the current
study, but we hope to collect additional data in the future.
In sum, I have introduced a voice analysis method to infer uncertainty in subject
responses and proposed and validated a new audio-based data collection method which can be
readily implemented by practitioners. I expect this method will become a valuable addition to the
toolbox of managers and researchers.
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Appendix A
Screenshot of Group-Sourced Mechanism Study
Step 1: Choose “Global” E Attribute
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Step 2: Self-Evaluation of E Levels
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Step 3: Peer Evaluation of E Levels (1st group member)
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Step 3: Peer Evaluation of E Levels (2nd group member)
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Step 4: Make Choice
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Appendix B
Screenshot of Voice-Based Survey Study
Show question

Record Answer
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Indicate self-stated uncertainty
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